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ABSTRACT OF THE DISSERTATION
Differentiating Human Embryonic Stem Cells in Micropatterns to Study Cell Fate Specification
and Morphogenetic Events During Gastrulation
by
Kyaw Thu Minn
Doctor of Philosophy in Biomedical Engineering
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Professor Lilianna Solnica-Krezel, Chair

During mammalian embryogenesis, the first major lineage segregation occurs when embryonic
epiblast, and extraembryonic trophectoderm and hypoblast arise in the blastocyst. In the next
fundamental and conserved phase of animal embryogenesis known as gastrulation,
extraembryonic cells provide signals to epiblast to instruct embryonic patterning, and epiblast
gives rise to germ layers ectoderm, mesoderm, and endoderm, that will establish all embryonic
tissues. Proper specification and morphogenesis of germ layers during gastrulation is vital for
correct embryonic development. Due to ethical and legal restrictions limiting human embryo
studies, human gastrulation is poorly understood. Our knowledge of human gastrulation has
largely been derived from studies in model organisms, including mouse and more recently,
cynomolgus monkey. However, interspecies differences underscore the need for alternative
human gastrulation models. In this regard, human and mouse embryonic stem cells have been
shown to recapitulate aspects of in vivo gastrulation including germ layer specification, and
internalization and elongation morphogenesis. These in vitro systems represent powerful models
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of gastrulation due to the ease of genetic manipulations and the ability to finely control
experimental factors.
Human embryonic stem cells, treated with BMP4 for 44 hours in spatially confined micro-discs
of extracellular matrix, have been shown to differentiate into 2D micro-colonies termed
gastruloids. These gastruloids display highly reproducible differentiation of germ layers and
extraembryonic cell types in a radial arrangement. We used combinatorial single-cell RNA
sequencing and immunofluorescence imaging to characterize these BMP4-treated 2D
gastruloids, and showed the formation in gastruloids of seven cell types, including epiblast,
prospective ectoderm, two populations of mesoderm, and endoderm, as well as previously
undescribed cell types in 2D gastruloids, primordial germ cell-like cells, and extraembryonic
cells that are transcriptionally similar to trophectoderm and amnion. Comparative transcriptomic
analyses with human, mouse, and cynomolgus monkey gastrulae support the notion that 2D
gastruloid differentiation recapitulates formation of cell types relevant to and models an earlymid stage of in vivo gastrulation. Time course scRNA-seq and immunofluorescence analyses of
2D gastruloid differentiation after 12, 24, and 44 hours of BMP4 treatment showed that germ
layer emergence in gastruloids follows the temporal sequence of in vivo gastrulation, with
epiblast and ectoderm precursors forming at 12 hour, mesendoderm precursors arising from
epiblast at 24 hour to give rise to nascent mesoderm and endoderm at 44 hour, when primordial
germ cell-like cells also form. Comparison with human gastrula also showed similarity in
transcriptomes and differentiation trajectories of gastruloid cells to their in vivo counterparts.
Dynamic changes in transcripts encoding components of key signaling pathways support a BMP,
WNT and Nodal hierarchy underlying germ layer specification conserved across mammals, with
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FGF and HIPPO signaling being active throughout the time course of 2D micropattern gastruloid
differentiation.
To probe morphogenetic properties of gastruloid cells, differentiated gastruloids treated with
BMP4 for 44 hours were dissociated and re-seeded onto extracellular matrix micro-discs. The
reseeded cells were highly motile and tended to form aggregates with the same but segregate
from or mix with distinct cell types, supporting that 2D gastruloid system exhibits evolutionarily
conserved sorting behaviors. In particular, ectodermal cells segregated from endodermal and
extraembryonic cells but mixed with mesodermal cells. These results demonstrate that 2D
gastruloid system models specification of germ layers and extraembryonic cell types, temporal
order and differentiation trajectories of germ layer emergence, and signaling interactions found
in early-mid in vivo gastrulation. Dissociated and reseeded gastruloid cells also exhibit conserved
cell sorting behaviors. Lastly, this work provides a resource for mining genes and pathways
expressed in a stereotyped 2D gastruloid model, common with other species or unique to human
gastrulation.
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Chapter 1: Background and Motivation
Early mammalian embryogenesis entails sequential specification of extraembryonic (ExE) and
embryonic tissues. Embryonic tissues give rise to the three germ layers, mesoderm, endoderm,
and ectoderm, which are shaped into a body plan during gastrulation (Shahbazi and ZernickaGoetz, 2018). The underlying cellular and molecular genetic mechanisms have been extensively
investigated in invertebrate and vertebrate model systems, including the mouse, and more
recently, in nonhuman primates, in vitro cultured human embryos, and human embryonic stem
cell (hESCs) in two-dimensional (2D) and three-dimensional (3D) experimental platforms.
During preimplantation, the totipotent zygote gives rise to a blastocyst consisting of inner cell
mass (ICM), which will develop into germ layers, primordial germ cells (PGCs), and ExE
trophectoderm (TE) and primitive endoderm (PE or hypoblast). In mouse, the HIPPO/YAP
pathway regulates ICM versus TE formation, with nuclear localization of YAP at low HIPPO
activity in the outer apico-basally polarized blastomeres promoting GATA3+CDX2+ TE, which
later differentiates into cytotrophoblasts to initiate implantation (Molè et al., 2020). In contrast,
due to the activation of the HIPPO pathway in nonpolar internal cells, YAP is sequestered in the
cytoplasm specifying pluripotent ICM. FGF4 signaling via receptors (FGFR1/2) within ICM
results in the formation of NANOG+ epiblast (EPI) and GATA6+ PE. While preimplantation
lineage segregation processes are generally conserved between mouse and human, differences in
timing and molecular mechanisms emerge (Rossant and Tam, 2018, 2016). In early human and
monkey embryo, cells co-express lineage-specific genes, with the concurrent establishment of
TE, mature hypoblast (PE equivalent), and ICM not observed until late-stage blastocyst around
implantation (Nakamura et al., 2016; Petropoulos et al., 2016; Xiang et al., 2019). Inhibition of
1

FGF signaling also does not prevent hypoblast formation in human (Roode et al., 2012),
implying alternative mechanisms are involved. Furthermore, human blastocyst implants into
maternal tissues via polar TE proximal to the EPI, as opposed to mouse blastocyst implanting via
mural TE distal to the EPI (Shahbazi and Zernicka-Goetz, 2018).
Upon implantation in human, ICM matures into a more differentiated epithelial state and
undergoes further morphogenesis to form EPI and amniotic epithelia surrounding the amniotic
cavity. While pro-amniotic cavity also forms in mouse towards late gastrulation, the underlying
mechanisms are different (Molè et al., 2020). Furthermore, post-implantation human EPI has a
flat disk shape, whereas mouse EPI adopts an egg cylinder shape. Studies from cynomolgus
monkey embryos, which have similar morphology to human embryos, suggest a role of BMP and
WNT pathways in amnion formation, based on the expression of BMP4, WNT3, and WNT6
ligands, as well as their target genes, ID2 and MSX2, and AXIN2, respectively (Sasaki et al.,
2016). In vitro hESC amnion model also implicates the BMP-SMAD pathway in the formation
of amnion-like cells (Zheng et al., 2019). PGCs, identified in mammals around gastrulation, may
also arise from amnion in monkey and human, instead of EPI in mouse (Molè et al., 2020). The
expression of SOX17 and KLF4, together with downregulation of SOX2, is also specific to
human and monkey PGCs. However, the expression of PRDM1, TFAP2C, NANOG, and
POU5F1 as well as the role of BMP4 signaling are conserved across monkey, human, and
mouse. The origin of primate PGCs and WNT activity in amnion suggest a potential role of
WNT signaling in primate PGC formation.
After implantation, pluripotent EPI undergoes symmetry breaking to initiate the formation of the
primitive streak (PS), the site of gastrulation, in the posterior EPI. Our understanding of
molecular mechanisms underlying gastrulation has largely been derived from animal models
2

such as mouse, frog, and zebrafish, due to experimental limitations and ethical restrictions of
human embryo studies up to 14 days or the initiation of gastrulation (Pera, 2017). In mouse, ExE
cells surrounding the EPI secrete Bmp4, which in turn activates Wnt3 and Nodal in EPI. WNT
and NODAL activity are restricted to posterior EPI by the secretion of inhibitors Lefty1, Cer1,
and Dkk1 from anterior visceral endoderm, a PE derivative, thereby establishing anteriorposterior patterning (Morgani and Hadjantonakis, 2020). At the posterior EPI, high levels of
Nodal and Wnt3 signaling induces the expression of T (TBXT or Brachyury), marking
mesoderm precursors, which undergo epithelial-to-mesenchymal transition (EMT), resulting in
the PS formation and the initiation of gastrulation. Nodal signaling also induces the expression of
matrix metalloproteinases Mmp2 and Mmp14 in posterior EPI, thereby facilitating perforations of
basement membrane in the PS area and morphogenesis during gastrulation (Kyprianou et al.,
2020). As the EMT wave extends the PS anteriorly, mesendoderm precursors ingress via the PS
and migrate to form the mesoderm and endoderm, whereas the remaining EPI will become
ectoderm (Williams et al., 2012). Wnt3 and Wnt3a expression is maintained throughout the PS,
but expression of Wnt inhibitors has been reported in the anterior PS derivatives. Nodal and its
essential co-receptor Tdgf1 (Cripto) are expressed throughout the EPI before gastrulation but are
subsequently restricted to the posterior region, consistent with the Nodal requirement for
posterior gene expression and PS formation. Moreover, high and low doses of Nodal promote
posterior and anterior PS fates, respectively. Therefore, combinatorial WNT and NODAL
activity is thought to regulate cell fate specification along the PS (Morgani and Hadjantonakis,
2020). In mouse, Fgfr1, an FGF receptor, is expressed in EPI, PS, and mesoderm, and its
interaction with Fgf8 ligand is necessary for gastrulation, particularly in regulating cell
movement away from the PS (Sun et al., 1999). Suggesting interactions between the FGF and
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WNT pathways during gastrulation, mutations inactivating the FGF pathway components
phenocopy WNT mutants. Interestingly, low FGF8 expression in Carnegie Stage (CS) 7 human
gastrula suggests a role of alternative FGF ligands in human gastrulation (Tyser et al., 2020).
During gastrulation, BMP receptors Bmpr1a and Bmpr2 are expressed in both EPI and
mesoderm, but the antagonist Fst is enriched in EPI, indicating higher signaling activity in
nascent mesoderm. Consistently, BMP activity is required in cells undergoing EMT and
ingressing through the PS in mouse (Morgani et al., 2018) and for posterior mesoderm fates
specification in in vitro hESC differentiation (Morgani and Hadjantonakis, 2020). Overall, the
interplay of BMP, WNT, NODAL, and FGF pathways underlies germ layer specification and
their morphogenesis during murine gastrulation.
Whereas EMT endows mesendodermal cells with motility during gastrulation, another
morphogenetic process known as cell sorting is thought to underlie proper segregation of germ
layers in frog and fish gastrulae. Through cell sorting, germ layers actively achieve and are
maintained as segregated populations, ensuring the establishment of embryonic boundaries as
well as organized tissues and structures (Fagotto, 2015; Krens and Heisenberg, 2011;
Winklbauer and Parent, 2017). First demonstrated in classical experiments carried out by
Holtfreter and colleagues, cells from dissociated gastrulating amphibian embryos, when reaggregated in culture, segregate into their distinct germ layers (Townes and Holtfreter, 1955).
Subsequent work in Xenopus, Rana pipiens, and zebrafish further supports reaggregation and
segregation of germ layer cells during gastrulation (Davis et al., 1997; Klopper et al., 2010;
Ninomiya and Winklbauer, 2008). Different cellular mechanisms have been put forth to explain
cell sorting behavior observed in gastrulating embryos, including differential adhesion,
differential cortical tension, and inhibitory signaling (Fagotto, 2015; Krens and Heisenberg,
4

2011; Winklbauer and Parent, 2017). Whether cell sorting is a conserved morphogenetic
behavior during mammalian gastrulation, specifically in human, remains to be tested.
To date, our knowledge of events occurring during human gastrulation has mainly been derived
from studies in model organisms, especially in mouse. However, recent experiments utilizing in
vitro culture of human embryos through post-implantation stages and single-cell genomics
suggest significant differences across species (Deglincerti et al., 2016b; Niakan and Eggan,
2013; Petropoulos et al., 2016; Rossant and Tam, 2016). While these in vitro human embryo
studies provide important insights into human development, the experiments are limited to 14
days post fertilization (dpf) or the onset of gastrulation, per internationally recognized guidelines
(Pera, 2017). Hence, mechanisms underlying cell fate specification and morphogenesis such as
EMT and cell sorting during human gastrulation cannot be studied directly using human
embryos, highlighting the need for alternative in vivo and in vitro models. Recently, a close
relative to human, cynomolgus monkey embryos have emerged as a powerful model to study
primate gastrulation in vivo (Ma et al., 2019; Nakamura et al., 2016; Niu et al., 2019; Sasaki et
al., 2016). Unlike mouse, these monkey embryos share similar morphological features to human
such as a flat disk shape of EPI after implantation and amniotic cavity formation during early
gastrulation. Monkey PGCs also appear to arise from amnion and exhibit a similar transcriptional
signature to human PGCs (Chen et al., 2019; Sasaki et al., 2016). However, these monkey
models are relatively new and less well-studied than mouse. Their germ layer formation during
gastrulation, and underlying molecular and transcriptional regulation are incompletely
characterized. Further practical and technical challenges using monkey models include difficult
access to embryonic tissues, genetic manipulations, and live imaging.

5

Due to the ease of genetic manipulations and live imaging as well as the ability to finely control
experimental conditions, in vitro stem cell systems have emerged as an invaluable tool for
understanding the signaling cascades and transcriptional regulatory networks underlying cell fate
specification and morphogenesis during early human development (Morgani and Hadjantonakis,
2020). These in vitro stem cell models have been shown to recapitulate aspects of gastrulation
and germ layer specification as indicated by cross-validation with in vivo mouse gastrula. Murine
embryonic stem cells (ESCs), when cultured in various conditions, not only differentiate into
three germ layers simultaneously (Itskovitz-Eldor et al., 2000; Kurosawa, 2007; Pettinato et al.,
2015) but also recapitulate aspects of spatial patterning, axis formation, symmetry breaking, selforganization, and polarization of gene expression (Beccari et al., 2018; Fuchs et al., 2012;
Kopper et al., 2009; ten Berge et al., 2008; Turner et al., 2017; van den Brink et al., 2014).
Moreover, mouse epiblast-like cells cultured in micropattern have been shown to undergo EMT
as well as differentiate into spatially defined cell populations resembling those found in mouse
gastrula (Morgani et al., 2018). More recent studies incorporating multiple cell types comprising
mouse trophoblast stem cells, ESCs, and ExE endoderm in a 3D matrix showed the development
of structures that are morphogenetically, transcriptionally, and structurally similar to natural
early murine gastrulae (Harrison et al., 2017; Sozen et al., 2018). These studies indicate the
capability of mouse ESCs to self-organize and recapitulate certain aspects of in vivo early
gastrulation, suggesting that human ESCs (hESC) may be used to model aspects of human
embryogenesis and gastrulation.
Indeed, hESCs cultured in 3D aggregates can model early blastocyst (Rivron et al., 2018), pregastrulation EPI (Simunovic et al., 2019), and germ layer specification with anteroposterior axis
organization (Moris et al., 2020a). Microfluidic cultures of hESCs have also been reported to
6

generate 3D organized structures, modeling the formation of EPI, amnion, human PGC-like cells
(hPGCLC), and onset of gastrulation-like events (Zheng et al., 2019). Furthermore, hESCs
cultured in confined micro-discs of extracellular matrix (ECM) and stimulated with BMP4, can
reproducibly differentiate into radially-organized cellular rings, which express markers of
ectoderm, mesoderm, and endoderm, arranged from the center outwards, respectively
(Warmflash et al., 2014). Mesendodermal cells in these 2D micropatterned “gastruloids” exhibit
EMT features, reminiscent of PS formation in murine embryos (Martyn et al., 2018; Warmflash
et al., 2014). Whereas 3D aggregates show features of Carnegie Stage 9 (CS9) (late gastrulation
stage) human embryos (Moris et al., 2020a), what stage of human gastrulation is modeled in 2D
micropatterned gastruloids is not clear. Whereas hESCs cultured in both 2D micropatterns and
3D aggregates result in germ layer specification, highly reproducible 2D micropatterns are
particularly suitable for investigating dynamic changes in gene expression underlying cell fate
emergence in early human gastrulation.
As in mouse gastrulation, BMP, WNT, and NODAL pathways interact in 2D micropatterned
gastruloids (Chhabra et al., 2019; Etoc et al., 2016; Warmflash et al., 2014). In these 2D
gastruloids, despite global BMP4 treatment, BMP activity becomes restricted to the colony edge
and activates the WNT pathway, which in turn activates NODAL signaling. While BMP activity
remains localized at the edge, WNT and NODAL activities travel from the edge towards the
colony center (Chhabra et al., 2019; Etoc et al., 2016). Signaling activity of these pathways in
micropatterned cultures has been monitored by phosphorylation and nuclear localization of
downstream effectors pSMAD1, SMAD2/3, and CTNNB1 (ß-catenin). However, the
spatiotemporal dynamics of the signaling components of BMP, WNT, and NODAL pathways in
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micropatterned gastruloids are incompletely understood. Furthermore, the role of FGF and
HIPPO pathways underlying gastruloid formation is unclear.
Although 2D micropatterned gastruloid represents a powerful model due to high reproducibility
as well as the ability to form both embryonic and ExE cell types, and query gene expression
changes underlying germ layer specification during early gastrulation, several questions remain
regarding the model. First, what is the cellular complexity of gastruloids? Second, what stage of
in vivo gastrulation does the platform model? Third, are gastruloid cell types transcriptionally
similar to those that arise during in vivo gastrulation? Fourth, can the gastruloids model
conserved mechanisms of gastrulation and reveal its primate and human specific features? Fifth,
can the gastruloid platform be used to discover new mechanisms of human gastrulation? Thus,
we used combinatorial scRNA-seq and immunofluorescence (IF) studies as well as comparative
transcriptomic analyses with published datasets, including CS7 human gastrula (Tyser et al.,
2020), gastrulating mouse embryos (Pijuan-Sala et al., 2019), post-implantation primate
cynomolgus monkey embryos (Ma et al., 2019; Nakamura et al., 2016), in vitro cultured human
embryos (Lv et al., 2019; Xiang et al., 2019), and hESC-differentiated cell types (Chen et al.,
2019; Chu et al., 2016; Loh et al., 2016; Lu et al., 2018; Zheng et al., 2019) to investigate (1)
similarities and differences of gene expression changes underlying gastruloid formation, (2)
conserved mechanisms of mammalian gastrulation, and (3) human and/or primate specific
features of gastrulation. We also investigated whether gastruloid cells undergo cell sorting
behaviors.
Here we adapted the 2D micropatterned gastruloid culture (Warmflash et al., 2014) and validated
that hESCs in micro-discs, upon BMP4 treatment, reproducibly form radially organized germ
layers and ExE-like cells. Previous studies using a selection of markers in IF studies have shown
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the formation of prospective ectoderm, mesoderm, endoderm, and TE-like cells in 2D
micropatterned gastruloids (Warmflash et al., 2014). Using a combinatorial scRNA-seq and IF
analyses, we uncovered previously undescribed features of 2D micropatterned gastruloids,
including: (1) the formation of EPI-like cells transcriptionally similar to human gastrulation stage
EPI, (2) the existence of two mesoderm populations, one transcriptionally resembling PS and the
other, nascent mesoderm, (3) the emergence of hPGCLCs with similar transcriptional signatures
to primate PGCs, and (4) the formation of ExE-like cells that have transcriptional signatures of
not only TE but also amnion. Therefore, in total, seven majors cell types arise in BMP4-induced
2D gastruloids, including EPI-like, ectoderm, two mesoderm cell types, endoderm, hPGCLC,
and ExE-like. Cross-species comparisons suggest that human gastruloids correspond to the earlymid gastrula stage, based on the high resemblance in cellular composition and gene expression to
E7–7.5 mouse, 14–16 dpf cynomolgus monkey, and CS7 human gastrulae. Time course analyses
of gastruloids after BMP4 treatment for 12, 24, and 44 hours (h) demonstrated that germ layer
emergence in gastruloids follows the temporal order of in vivo gastrulation, with EPI and
ectoderm precursors forming at 12h, mesendoderm precursors arising from EPI at 24h to give
rise to nascent mesoderm and endoderm at 44h, when hPGCLC also form. Comparison with CS7
human gastrula (Tyser et al., 2020) showed similarity in transcriptomes and differentiation
trajectories of gastruloid cells to their in vivo counterparts. Dynamic changes in transcripts
encoding components of key signaling pathways support a BMP, WNT, and Nodal hierarchy
underlying germ layer specification conserved across mammals, with FGF and HIPPO signaling
being active throughout the time course of 2D micropatterned gastruloid differentiation.
Lastly, suggesting that gastruloid cells exhibit conserved cell sorting behaviors, dissociated
gastruloid cells re-seeded on ECM micro-discs displayed motility and tended to aggregate with
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the similar but segregate from distinct cell types in a mixed cell population. Ectodermal cells
segregated from endodermal and ExE but mixed with mesodermal cells. Hence, our work
demonstrates that the in vitro 2D hESC micropatterned gastruloid system can generate cellular
complexity of early-mid gastrulae with primate-specific transcriptomes as well as model in vivo
temporal sequence of germ layer formation, germ layer differentiation trajectories, and
conserved morphogenetic cell sorting behaviors. This thesis work also provides a rich resource
for the transcriptomes of human embryonic and ExE cells relevant to the gastrulation stage. The
resource can be utilized for genes and pathways expressed in a stereotyped 2D gastruloid model,
shared with other species or unique to human gastrulation.
This dissertation contains four subsequent chapters. Chapter 2 focuses on a novel cell counting
method applied in the quantitative analysis of 2D gastruloids. Chapter 3 examines
comprehensive transcriptomes of 2D gastruloids treated with BMP4, focusing on utilizing
comparative transcriptomic analyses with human, mouse, and cynomolgus monkey datasets to
delineate cellular complexity of gastruloids and transcriptomic similarity of gastruloid cell types
to in vivo counterparts during gastrulation. This chapter also describes the experiments
demonstrating that dissociated 2D gastruloid cells exhibit cell sorting behaviors upon reseeding
onto ECM microdiscs. Chapter 4 investigates the temporal emergence of cell types and
underlying gene expression changes over the course of 44h BMP4 treatment in gastruloids,
emphasizing the expression of key signaling pathways’ components. Finally, chapter 5 concludes
the dissertation by remarking on opportunities and limitations of the 2D gastruloid system, and
the future directions of this work.

10

Abbreviations
2D

Table 1.1. Key abbreviations
Explanation
Abbreviations
Two-dimensional
AM

Explanation
Amnion

3D

Three-dimensional

PE

Primitive endoderm

HIPPO

The HIPPO signaling pathway

DE

Definitive endoderm

WNT

The WNT (Wingless/Integrated)
signaling pathway

ICM

Inner cell mass

BMP4

Bone Morphogenetic Protein-4

EPI

Epiblast

BMP

The BMP (Bone Morphogenetic
Protein) signaling pathway

PS

Primitive streak

NODAL

The NODAL signaling pathway

ExE

Extraembryonic

FGF

The FGF (Fibroblast Growth
Factor) signaling pathway

EMT

Epithelial-tomesenchymal
transition

PGC

Primordial germ cell

dpf

Days post
fertilization

hPGC

Human primordial germ cell

ECM

Extracellular matrix

hPGCLC

Human primordial germ cell-like
cell

CS

Carnegie stage

AMLC

Amnion-like cells

E

Embryonic day

EXMC

Extraembryonic mesenchyme

d

Day

postE/L-EPI

Postimplantation early/late
epiblast

h

Hour

E/L-Gast

Early/late gastrulating cell

scRNA-seq

Single cell RNA
sequencing

VE

Visceral endoderm

IF

Immunofluorescence

YE

Yolk sac endoderm
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Chapter 2: Deeply-Supervised Density
Regression for Automatic Cell Counting in
Microscopy Images
2.1 Introduction
Numerous microscopy image analysis methods have been proposed for various medical
diagnoses and biological studies that include counting the number of cells (Arteta et al., 2014;
Lempitsky and Zisserman, 2010; W. Xie et al., 2018), locating cell positions (Falk et al., 2019;
Koyuncu et al., 2019; Xing and Yang, 2016), acquiring cell shapes (Carneiro et al., 2017;
Wainberg et al., 2018; Xing et al., 2018; Zhang and Metaxas, 2016), and classifying cell
categories (Chen et al., 2016; Irshad et al., 2014). Especially, the number of cells in a microscopy
image can indicate the presence of diseases (Venkatalakshmi and Thilagavathi, 2013), help
differentiate tumor types (Coates et al., 2015), assist in understanding cellular and molecular
genetic mechanisms (Solnica-Krezel, 2005; Zhang et al., 2001), and provide useful information
to many other applications (Lagutin et al., 2003; Thomson, 1998). Manually counting cells in
microscopy images is tedious, time-consuming, prone to subjective errors, and not feasible for
high-throughput process in real-world biomedical applications. During the past decades, many
automatic cell counting methods have been proposed (Arteta et al., 2012, 2014, 2016; Barinova
et al., 2012; Cireşan et al., 2013; Cohen et al., 2017; Fiaschi et al., 2012; Khan et al., 2016;
Lempitsky and Zisserman, 2010; Liu and Yang, 2015; Matas et al., 2004; Walach and Wolf,
2016; W. Xie et al., 2018; Xing et al., 2014; Xue et al., 2016). However, designing efficient
automatic methods with sufficient counting accuracy still remains a challenging task due to
various image acquisition techniques, low image contrast, complex tissue background, large
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variations in cell sizes, shapes and counts, and significant inter-cell occlusions in 2D microscopy
images.
The reported automatic cell counting methods can be categorized into detection-based and
regression-based methods. Generally, detection-based methods first determine the cell centroid
locations and subsequently count them to estimate the number of cells (Arteta et al., 2016;
Cireşan et al., 2013; Liu and Yang, 2015; Xing et al., 2014). Therefore, the performance of these
methods highly relies on the accuracy of cell centroid detection results. Traditional detectionbased methods have been designed based on feature extraction (Sommer et al., 2012),
morphological processing (Soille, 2004), H-minima/maxima transform (Soille, 2004), Laplacian
of Gaussian filtering (Kong et al., 2013), maximally stable extremal region detection (Arteta et
al., 2016), radial symmetry-based voting (Reisfeld et al., 1995), or conventional supervised
learning strategies (Xing and Yang, 2016). Recently, deep learning strategies have also been
employed in detection-based methods considering their superior ability of learning deep image
features and generating inferences (Carneiro et al., 2017; Falk et al., 2019; Koyuncu et al., 2019;
Liu and Yang, 2015; Payer et al., 2019; Tofighi et al., 2019; Y. Xie et al., 2018; Zhu et al.,
2017). For examples, Falk et al. (Falk et al., 2019) trained a fully convolutional neural network
(UNet) to compute a probability map of cell existing in a given image. The number of cells can
then be determined by searching for the local maxima on the probability map with a nonmaximal
suppression method. Xie et al. (Y. Xie et al., 2018) applied the non-maxima suppression process
to a dense proximity map for cell detection. The proximity map was produced by a fully residual
convolutional network-based structural regression model (StructRegNet), and exhibits higher
responses at locations near cell centroids to benefit for local maximum searching. Tofighi et al.
(Tofighi et al., 2019) used a prior-guided deep neural network for cell nuclei detection. In their
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method, nuclei shape a prior is employed as a regularizer in a model learning process to improve
the cell detection accuracy. Liu and Yang (Liu and Yang, 2015) trained a CNN model to
determine the final cell detection result from the results generated by several traditional cell
counting methods. The selection process was formulated as a maximum-weight independent set
(MWIS) problem, a combinatorial optimization problem that has been studied in many
applications of clustering, segmentation, and tracking. Paulauskaite et al. (PaulauskaiteTaraseviciene et al., 2019) recently performed an experimental investigation of the Mask R-CNN
method, which was proposed by He et al. (He et al., 2017), to detect overlapping cells with a
two-stage procedure of determining potential cell regions and jointly classifying and predicating
cell masks. The method was validated on fluorescence and histology images and showed
promising results on detecting overlapping cells. However, it still remains difficult to detect cells
that are highly occluded, densely concentrated, and surrounded by histopathological structures.
Compared to detection-based methods, regression-based cell counting methods have received
more and more attention due to their superior performance on counting occluded cells (Alahmari
et al., 2019; Arteta et al., 2014; Cohen et al., 2017; Fiaschi et al., 2012; Khan et al., 2016;
Lempitsky and Zisserman, 2010; Nitta et al., 2018; Walach and Wolf, 2016; W. Xie et al., 2018;
Xue et al., 2016). Some regression-based methods learn a cell counter through a regression
process directly without requiring cell detection. In these methods, the number of cells is the
direct and only output, and no cell location information can be provided. For example, Khan et
al. (Khan et al., 2016) and Xue et al. (Xue et al., 2016) learned a convolutional neural networkbased cell counter from small image patches which can increase the amount of training samples.
The total number of cells across the whole image can then be obtained by summing those on
image patches. These methods might suffer from redundant estimation issues across the patch
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boundaries, and might not be efficient since they have to infer for each image patch separately
before cell counting. Differently, Cohen et al. (Cohen et al., 2017) learned a cell counter with a
fully convolutional neural network (FCNN). They utilized the “sliding window” mechanism
associated with the convolutional layers of the FCNN to address the redundant counting issues
across the overlapped regions among image patches. Their method counts the number of cells by
directly inferring a count map for the whole image. The method performance might be affected
by the sizes of sliding widows.
Other regression-based methods learn a spatial cell density regression model (DRM) across a
full-size image instead of learning direct cell counters (Fiaschi et al., 2012; Lempitsky and
Zisserman, 2010; Liu et al., 2019a; W. Xie et al., 2018). In these methods, the number of cells
can be obtained by integrating the regressed density map, and the local maxima in the density
map can be considered as cell centroid locations. Therefore, both the number and the centroid
locations of cells can be obtained. Conventional density regression-based methods learn DRMs
from extracted handcrafted image features, in which the feature extraction is independent of the
DRM learning. For example, Lempitsky et al. (Lempitsky and Zisserman, 2010) used local
features (e.g. scale-invariant feature transform (SIFT) features) to learn a linear DRM by use of a
regularized risk regression-based learning framework. Differently, Fiaschi et al. (Fiaschi et al.,
2012) learned a nonlinear DRM based on regression random forest methods. In their method,
image features computed by ordinary filter banks were employed as the model input. The
performance of these methods relies on the effectiveness of feature extraction methods, that of
the DRM learning algorithms, and the match between them.
Instead of using handcrafted image features to learn a DRM, some methods were proposed to
integrate the feature learning into end-to-end nonlinear DRM learning by use of deep
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convolutional neural networks. The learned end-to-end DRMs use images as their direct inputs to
compute the corresponding density maps (Liu et al., 2019a; Sierra et al., 2020; W. Xie et al.,
2018; Zheng et al., 2020). As one of the pioneering work using this strategy, Xie et al. (W. Xie et
al., 2018) proposed a fully convolutional regression network (FCRN) to learn such a DRM
integrating image feature extraction and density map estimation for arbitrary-sized input images.
By use of CNNs in feature extraction and model learning, their method demonstrated superior
cell counting performance than conventional density regression-based methods, especially on
microscopy images containing severely overlapped cell regions. Following Xie et al.’s work,
Zheng et al. (Zheng et al., 2020) trained a FCRN by incorporating a manifold regularization
based on the graph Laplacian of the estimated density maps to reduce the risk of overfitting. Liu
et al. (Liu et al., 2019b) employed a postprocessing CNN to further regress the estimated density
map to improve the accuracy of cell counting.
However, in the original FCRN work, the network layers of a FCRN are structured hierarchically
and the output of each layer relies merely on the output of its direct adjacent layer. This restricts
the FCRN to produce a more authentic density map for cell counting. In addition, the training of
original FCRN is based on a single loss that is measured at the final output layer, and all its
intermediate layers are optimized based on the gradients back-propagated from this single loss
only. The decreased gradients potentially trap the optimization of intermediate layers into
unsatisfying local minima and jeopardize the overall network performance.
Recently, CNNs that concatenate multi-scale features by shortcut connections of non-adjacent
layers have been reported and demonstrated promising performance than conventional
hierarchical networks for many applications (Dong et al., 2017; Ronneberger et al., 2015). In
these concatenated network architectures, the multi-scale image features extracted by all the
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layers along the down-sampling path can be integrated into the input of the layers along the upsampling path to further improve the model performance. Also, deeply-supervised (or deep
supervision) learning strategies, aiming at enhancing the training of intermediate layers of
designed neural networks by providing direct supervisions for them, have been proposed and
have yielded promising performance for several computer vision tasks including image
classification and segmentation (Dou et al., 2017; Lee et al., 2015; Zeng et al., 2017). To the best
of our knowledge, deeply-supervised learning has not been employed in learning a density
regression model for cell counting task except our preliminary work (He et al., 2019).
In this study, a novel density regression-based method for automatically counting cells in
microscopy images is proposed. It addresses the two shortcomings that exit in the original FCRN
by integrating the concatenation design and deeply-supervised learning strategy into the FCRN.
Specifically, the density regression model (DRM) is designed as a concatenated FCRN (CFCRN) to employ multi-scale image features for the estimation of cell density maps from given
images. The C-FCRN can fuse multi-scale features and improve the granularity of the extracted
features to benefit the density map regression. It also facilitates the learning of intermediate
layers in the downsampling path by back-propagating the gradients conveyed via the shortcut
connections. In addition, auxiliary convolutional neural networks (AuxCNNs) were employed to
assist in training the C-FCRN by providing direct and deep supervision on learning its
intermediate layers to improve the cell counting performance.
The remainder of the manuscript is organized as follows. The proposed automatic cell counting
method is described in Section 2. Section 3 describes the testing datasets and the implementation
details of the proposed method. Section 4 contains the experimental results. A discussion and
conclusion are provided in Section 5 and Section 6, respectively.
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2.2 The proposed Cell Counting Method
2.2.1 Background: Density regression-based cell counting
The salient mathematical aspects of the density regression-based counting process can be
described as below. For a given two-dimensional microscopy image 𝑋 ∈ ℝ!×# that includes Nc
cells, the density map corresponding to 𝑋 can be represented as 𝑌 ∈ ℝ!×# . Each value in 𝑌
represents the number of cells at the corresponding pixel of 𝑋. Let 𝛷(𝑋) be a feature map
extracted from 𝑋, a density regression function 𝐹$ (𝛷(𝑋), Θ) can be defined as a mapping
function from 𝑋 to 𝑌:
𝑌 = 𝐹$ (𝛷(𝑋); Θ),

(1)

where the vector Φ parameterizes 𝐹% . The number of cells in X can be subsequently computed
by:
*
*
𝑁& = ∑'+, ∑)+, 𝑌',) = ∑'+, ∑)+,[𝐹$ (𝛷(𝑋); Θ)]',)

(2)

where [𝐹$ (𝛷(𝑋); Θ)]',) is the computed density associated with the pixel Xi,j. The key
component of density regression-based methods is to learn 𝐹$ (𝛷(𝑋), Θ) from 𝛷(𝑋) and the
corresponding Θ (Fiaschi et al., 2012; Lempitsky and Zisserman, 2010). In the fully
convolutional regression network (FCRN) (W. Xie et al., 2018), 𝐹$ (𝛷(𝑋), Θ) can be simplified
to 𝐹(𝑋, Θ) because it can be learned directly from X.

2.2.2 Concatenated FCRN-based cell counting method
The proposed concatenated FCRN (C-FCRN) is shown in Figure 2.1, which integrates a
concatenated neural network design and deeply-supervised learning strategy into the original
FCRN. The C-FCRN network includes 8 blocks. Three concatenation layers (red lines in Figure
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2.1) are established to connect the intermediate outputs along the down-sampling path to the input
of the fifth to seventh blocks along the up-sampling path, respectively. This C-FCRN design
integrates multi-scale features from non-adjacent layers to improve the granularity of the extracted
features for density map regression, and subsequently improve the model performance on cell
counting. The first three blocks in the C-FCRN are employed to extract low dimension feature
maps. Each of them includes a convolutional (CONV) layer, a ReLU layer, and a max-pooling
(Pool) layer. The fourth block, including a CONV layer and a ReLU layer, is used to further extract
highly-representative features. The fifth to seventh blocks are employed to gradually restore
resolutions of feature maps while refining the extracted feature maps. Each of these blocks includes
an up-sampling (UP) layer, a CONV layer, and a ReLU layer. The last block, including a chain of
a CONV layer and a ReLU layer, is employed to estimate the ﬁnal density map.
Figure 2.1. Framework of
the proposed C-FCRN
based automatic cell
counting method.
Different from the
original FCRN, three
shortcut connections (red
lines) are established to
connect the first three
intermediate blocks to the
fifth to seventh blocks, respectively.

In C-FCRN, the CONV layer in each block is associated with a set of learnable kernels and is
employed to extract local features from the output of its previous layer. The ReLU layer in each
block is employed to increase the nonlinear properties of the network without aﬀecting the
receptive ﬁelds of the CONV layer by setting negative responses from its previous layer to zero
while keeping the positive ones unchanged. Each Pool layer in the ﬁrst three blocks performs a
down-sampling operation on an input feature map by outputting only the maxi-mum value in every
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down-sampled region in the feature map. Therefore, multi-scale informative features are extracted
progressively along with the decrease of the spatial size of an input feature map. In contrast, each
Up layer in the ﬁfth to seventh block performs an up-sampling operation to gradually restore the
resolution of the ﬁnal estimated density map. This network design permits integration of feature
extraction into the density regression process. Therefore, no additional feature extraction methods
are required.
Given a to-be-tested image 𝑋 ∈ ℝ!×# and the trained density regression function 𝐹(𝑋; Θ), the
density map corresponding to X can be estimated as 𝑌3 = 𝐹(𝑋; Θ). Therefore, the number of cells
in X can be conveniently estimated based on the equation below:
*
*
4& = ∑3
𝑁
'+, ∑)+, 𝑌',) = ∑'+, ∑)+,[𝐹(𝑋; Θ)]',) ,

(3)

where [F(X; Θ)]i, j represents the estimated density of pixel (i, j) in the X.

2.2.3 Deeply-supervised C-FCRN training with auxiliary CNNs
The task of training the C-FCRN corresponds to learning a nonlinear density regression function
F(X; Θ)with parameters Θ. However, training such a hierarchical and concatenated deep neural
network by solving the corresponding highly non-convex optimization problem is a challenging
task. Motivated by the deeply-supervised learning strategies (Dou et al., 2017; Lee et al., 2015;
Zeng et al., 2017), we employed three auxiliary convolutional neural networks (AuxCNNs) to
provide direct supervision for learning the intermediate layers of the C-FCRN. The AuxCNNsupported C-FCRN training process is shown in Figure 2.2. Each AuxCNN contains two CONVReLU blocks, which estimate a low-resolution density map from each input feature map,
respectively. The diﬀerence between the estimated density maps and the related ground truth are
employed to support the C-FCRN training.
20

Figure 2.2. Framework
of the AuxCNNsupported C-FCRN
training process. The
blue dash-line region
indicates the C-FCRN.
The orange dash-line
region indicates the
three AuxCNNs. EST
and GT represents the
estimated and ground
truth density maps with
varied resolutions, respectively.

The Θ in the density regression function F(X; Θ)can be re-deﬁned as Θ = (Θ1, Θ2, Θ3, Θ4), in
which Θ1 represents the trainable parameters in the ﬁrst four blocks, Θ2 represents the
parameters in the 5-th block, Θ3 represents the parameters in the 6-th block, and Θ4 represents
the parameters in the last 7-th and 8-th blocks, respectively. The outputs of the 4-th, 5-th, and 6th blocks can then be denoted as φ1(X; Θ1), φ2(X; Θ1, Θ2), and φ3(X; Θ1, Θ2, Θ3). They are
also the inputs of the 1-st, 2-nd, and 3-rd AuxCNNs, respectively. Given each input φk (k = 1, 2,
3), the output of each AuxCNN is a low-resolution density map Ak(φk; θk), where θk represents
the parameter vector of the k-th AuxCNN.
F(X; Θ) and Ak(φk; θk), are jointly trained through the minimization of a combined loss function
Lee et al. (2015),
Lcmb(Θ, θ1, θ2, θ3) = L(Θ) + ∑./+,.αkLk(Θ1, ..., Θk, θk)
+ λ(||Θ||2 + ∑./+,.(||θk||2),

k = 1, 2, 3,

(4)

where L(Θ) represents a loss function that measures the average mean square errors (MSE)
between the estimated density map from the C-FCRN and the corresponding ground truth
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density map. Lk(Θ1, ..., Θk, θk) represents a loss function that measures the average MSE between
a low-resolution density map estimated by the k-th AuxCNN and the corresponding lowresolution ground-truth (LRGT) density map. The parameter αk ∈ [0, 1] controls the supervision
strength under the k-th Aux-CNN. The parameter λ controls the strength of l2 penalty to re-duce
overﬁtting and Lk(Θ1, ..., Θk, θk) (k = 1, 2, 3) and L(Θ) are deﬁned as:

where Yb represents the full-size ground truth density map of the b-th training data Xb of B
training images. Here, 𝑌0/ represents the low-resolution ground-truth (LRGT) density map,
which is generated from Yb by summing local regions in the original ground truth density map.
An example of the summing process is shown in Figure 2.3.

Figure 2.3. Example of constructing ground truth low-resolution density
maps from an original ground truth of 128 ×128 pixels by summing up
every local regions with size 2 ×, 4 × 4 and 8 ×8 pixels, respectively.

The loss Lcmb can be numerically minimized via momentum stochastic gradient descent (SGD)
methods (Bottou, 2010) based on the Eqn. (6) shown below:
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(2)

where Θ0 is the updated parameters Θk at the t-th iteration; β is a momentum parameter that
controls the contribution of the result from the previous iteration; and η is a learning rate that
determines the parameter updating speed. Since Lk(Θ1, ..., Θk, θk) only relates to θk and Θm (m =
1, 2, .., k), the gradient w.r.t the model parameters Θk can be computed by:

with the back-propagation algorithm (Rumelhart et al., 1986). The learned F(X; Θ), represented
by the trained C-FRCN model, can be used to estimate density maps for arbitrary-sized images
because fully convolutional layers are employed in the C-FCRN.
In the rest of this paper, the proposed C-FCRN deeply-supervised by auxiliary CNNs during the
training process is denoted as C-FCRN+Aux.

2.3 Datasets and method implementation
2.3.1 Datasets
Four microscopy image datasets were considered in this study, which are synthetic images of
bacterial cells, experimental images of bone barrow cells, colorectal cancer cells, and human
embryonic stem cells (hESCs), respectively. Table 2.1 il-lustrates the data details. Sample
images from the four datasets are shown in Figure 2.4.

Dataset

Table 2.1. Four datasets employed in this study
Bacterial cells Bone marrow cells Colorectal cancer cells

hESC stem cells

# of images

200

40

100

49

Image size

256 × 256

600 × 600

500 × 500

512 × 512

Count statistics

174 + 64

126 + 33

310 + 216

518 + 316
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Figure 2.4. Example images of the four
datasets used in this study. From left to
right: Synthetic bacterial cells, Bone
marrow cells, Colorectal cancer cells, and
Human embryonic stem cells.

2.3.1.1 Synthetic bacterial cells
This is a public synthetic dataset generated by (Lempitsky and Zisserman, 2010) et al. by use of
the method proposed by Lehmussola et al. (Lehmussola et al., 2007). This dataset contains 200
RGB synthetic ﬂuorescent microscopy im-ages of bacterial cells. The size of each image is 256 ×
256 × 3 pixels. The cells in these images are designed to be clustered and occluded with each
other. This dataset is appropriate for testing the performance of the proposed method.
2.3.1.2 Bone marrow cells
This dataset includes 40 Hematoxylin-Eosin (H&E) stained bright-ﬁeld RGB microscopy
images, which were created from 10 images acquired from the human bone marrow tissues of 8
diﬀerent patients (Kainz et al., 2015). The original image size of each H&E image is 1200 ×
1200 × 3 pixels. Each of the 10 original image was split into 4 images with the size of 600 × 600
pixels, following the process in Ception-Count (Cohen et al., 2017). The images in this dataset
have inhomogeneous tissue background, and large cell shape variance.
2.3.1.3 Colorectal cancer cells
This dataset includes 100 H&E stained histology RGB images of colorectal adenocarcinomas
acquired from 9 patients (Sirinukunwattana et al., 2016). Knowing the number of colorectal
adenocarcinomas can help with better understanding of colorectal cancer tumor for exploring
various treatment strategies. Images in this dataset yield high inhomogeneous tis-sue region,
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noisy background, and large variance in the numbers of cells. This dataset is suitable to test the
robustness and accuracy of given cell counting methods.
2.3.1.4 Human embryonic stem cells
This dataset contains 49 immunoﬂuorescent images of human embryonic stem cells (hESC) that
are diﬀerentiated into varied cell types (Minn et al., 2020). The diﬀerentiation efﬁciency of the
hESC population can be potentially observed based on the counted number of cells from each
diﬀerentiation type in the images. The images in this dataset yield low image contrast and severe
cell occlusion and clusters. In addition, high background noise exists in images.

2.3.2 Ground truth density map generation
Both the full-size and low-resolution ground truth (LRGT) density maps of the training images
need to be constructed in order to train the C-FCRN and three AuxCNNs simultaneously. The
full-size ground truth density map Y of an image X in the four data sets (described in Section 3.1)
is deﬁned as the super-position of a set of normalized 2D discrete Gaussian kernels (W. Xie et
al., 2018). The number of Gaussian kernels in Y is identical to the number of cells in X, and each
kernel is centered at a cell centroid in X (as shown in Figure 2.5). Intuitively, the density map
design can be interpreted in the perspective of microscopy imaging. Due to the limitation of
imaging system and the point spread function (PSF), the intensity of each single pixel in image X
is aﬀected by the PSF, and can be considered as a combi-nation of the PSF-aﬀected intensities of
the pixel itself and its surrounding pixels. Accordingly, the density map is generated by
simulating the imaging system and setting SPF as a Gaussian function. Integrating the density
over Y gives an estimate of the counts of cells in image X. This deﬁnition is also the same as the
deﬁnition described in Lempitsky et al. (Lempitsky and Zisserman, 2010), one of the compared
methods in this study. This process would allow density regression-based methods to solve the
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problem of counting the overlapping cells. In the syn-thetic bacterial cell dataset, the ground
truth cell centroids and numbers were automatically annotated during the image generation
(Lempitsky and Zisserman, 2010), while they are manually annotated on images in the other
three experimental datasets. The manual annotations for bone marrow cell images and colorectal
cell images were provided by (Kainz et al., 2015; Sirinukunwattana et al., 2016), respectively.
The hESC annotation was performed by a graduate student under the supervision of and
validation of a biologist expert (Minn et al., 2020).
Let S = {(sxk, syk ) ∈ ℕ2} represent Nc cell centroid positions in X, where k = 1, 2, ..., Nc. Each Yi, j
in Y can be expressed as:
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. σ2 is the isotropic covariance, (2KG + 1) is the kernel size, and C is a

normalization constant. In light of the diﬀerent sizes of cells in these four diﬀerent datasets, the
parameter σ was set to 5 pixels for bone marrow images and 3 pixels for images in the other
three datasets, respectively. The Gaussian kernel size (2KG + 1) was set to 21 pixels for all four
image datasets.
Figure 2.5. Example of generating density map
from a given cell centroid set.
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Corresponding to the bi-linear interpolation performed by the Up layers in C-FCRN, the three
low-resolution ground truth (LRGT) density maps 𝑌 / ∈ ℝ-) ×*) (k = 1, 2, 3) were generated
from the original full-size ground-truth density map Y ∈ ℝ-×* by summing local regions with
size of 8 × 8, 4 × 4, and 2 × 2 pixels, respectively. Examples of ground truth of the images from
the marrow bone cell dataset are shown in Figure 2.5, and the corresponding LRGT density map
construction process is shown in Figure 2.3. All images employed in the study were preprocessed
by normalizing pixel values to a uniform range [0, 1] in order to accelerate and stabilize the
model training process (Jin et al., 2015). The normalized images were subsequently employed as
the in-puts of the networks for both training and testing purpose. Random rotation with an
arbitrary angle within [0, 40o] and random ﬂipping on the training images was performed as a
data augmentation operation to mitigate overﬁtting. During the training process, the ground truth
density maps were ampliﬁed by 100 in order to force the C-FCRN and AuxCNNs to ﬁt cell area
rather than the background (W. Xie et al., 2018). Correspondingly, the estimated density maps
estimated from the testing image were scaled back by a factor of 0.01 before counting cell
numbers.

2.3.3 C-FCRN and AuxCNN network parameter settings
The convolution kernel size in the ﬁrst 7 blocks of C-FCRN was set to 3 × 3, while that in the
last block was set to 1 × 1. The numbers of kernels in the ﬁrst to 8-th CONV layers were set to
32, 64, 128, 512, 128, 64, 32, and 1, respectively. The pooling size in each pool layer was set to
2 × 2, and the Up layers performed bilinear interpolation. The size of the C-FCRN input image
was set to 128 × 128 pixels, so did the output density map. Three AuxCNNs yield the similar
network structures, in which the kernel size of the ﬁrst block in AuxCNN was set to 3 × 3 and
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the number of kernels was set to 32, while that in the second block were set to 1 × 1 and 1,
respectively.

2.3.4 C-FCRN+Aux training and testing
Six thousand epochs were employed for model training, and that can permit the convergence of
the training process in this study. In each training epoch, 100 image patches of 128 × 128 pixels
were randomly cropped from each image for training. All the cropped image patches and their
corresponding density maps were employed for training DRMs in the following epoch. The
weight vector in the combined loss function Lcmb(Θ, θ1, θ2, θ3) in Eqn. 4 was set to (α1, α2, α3) = (
1/64 , 1/16 , 1/4 ), considering that the task of a higher-resolution density estimation is more
correlated to the task of original density estimation task. A momentum SGD method was used to
minimize the combined loss function for jointly training the FCRN and AuxCNNs. The learning
rates for training the C-FCRN+Aux were determined by operating a line search in a set of values
{0.05, 0.01, 0.005, 0.0001, 0.0005, 0.001} and selecting the one that results in the lowest
validation loss. Other hyper-parameters were set to the ﬁxed values of β = 0.99, λ = 0.01, and
batch size = 100 considering the variations of these hyper-parameter values did not signiﬁcantly
improve the training performance based our trials. All the network parameters in the CFCRN+Aux were orthogonally initialized (Saxe et al., 2013). The model performance was
investigated by use of 5-fold cross validation on all four image datasets. When conducting cross
validation on one of the four image datasets, the image dataset was randomly split into 5 folds of
images for model training and validation. Speciﬁcally, every time, 4 of them were employed as
the training dataset and the rest one as the validation dataset. Repeat the process for 5 times until
each fold of data was used as validation dataset once. The average validation performance over
the ﬁve times were measured as the evaluation result.
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The proposed C-FCRN+Aux was implemented by use of python programming language with
libraries including Python 3.5, NumPy 1.14, Keras 2.0, and Tensorﬂow 1.3.1. Model training and
validation were performed on a Nvidia Titan X GPU with 12 GB of VRAM and several Intel(R)
Xeon(R) CPUs with E5-2620 v4 @ 2.10GHz.

2.3.5 Other methods for comparison
The proposed method (denoted as C-FCRN+Aux) was com-pared to other eight state-of-the-art
methods, which include four regression-based counting methods (Cohen et al., 2017; Lempitsky
and Zisserman, 2010; W. Xie et al., 2018), and four detection-based counting methods (Arteta et
al., 2016; Falk et al., 2019; He et al., 2017; Y. Xie et al., 2018)
Those four to-be-compared regression-based counting methods include the original FCRN
method (W. Xie et al., 2018), the C-FCRN without AuxCNNs-supporting training (denoted as CFCRN-only), the Count-Ception (Cohen et al., 2017) method, and the Lempitsky’s method
(Lempitsky and Zisserman, 2010). The original FCRN and the C-FCRN-only methods are
nonlinear density regression-based methods. The Count-Ception (Cohen et al., 2017) method is a
nonlinear counter regression-based method, which employs a fully convolutional neural network
(FCNN) to perform redundant cell counting in each overlapped local region and average out the
estimated results to obtain the ﬁnal cell count. The Lempitsky’s method is a linear density
regression-based method, which learns the DRM by use of a regularized risk linear regression.
Its hyper-parameter settings can be found in (Lempitsky and Zisserman, 2010).
The loss functions for training the FCRN and C-FCRN were deﬁned as the MSE between the
ground truth density maps and the estimated density maps measured in a batch of training data.
Diﬀerently, the loss function in the Count-Ception method was speciﬁed as the mean absolute
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error (MAE) between the ground truth and the estimated count maps. The ground truth count
map was generated according to its deﬁnition in the literature (Cohen et al., 2017). A momentum
SGD method was used to minimize the loss functions in all these three methods. The learning
rates and other hyper-parameters for model training in these methods were determined in the
same way as that were described in Section 3.4. All the network parameters in FCRN and CFCRN-only were orthogonally initialized (Saxe et al., 2013); while those in the Count-Ception
model were initialized by Glorot weight initialization (Cohen et al., 2017). The local region size
in the Count-Ception was set to 32 × 32 as suggested in the literature (Cohen et al., 2017).
The four referenced detection-based counting methods include three deep-learning methods,
StructRegNet (Y. Xie et al., 2018), U-Net (Falk et al., 2019), and Mask R-CNN(He et al., 2017),
and the Arteta’s method (Arteta et al., 2016). In the detection-based cell counting methods, the
number of cells is determined by the number of detected cell centroids or cell regions. The
StructRegNet used a fully residual convolutional network to regress a dense proximity map that
exhibits higher responses at locations near cell centroids. Then the thresholding and nonmaximum post-processes were employed to count the number of cell centroids. Diﬀerently, the
U-Net method employed a U-Net to predict a cell probability map, and count cell centroids from
it. The mask R-CNN method detects the cells by ﬁrst detecting possible cell regions and then
jointly predicting and segmenting these regions to get cells. The thresholds for the post-processes
were tuned by visually checking detection results for two random validation images. The to-becompared Arteta’s method (Arteta et al., 2016) aims to segment an image into non-overlapped
cell regions by use of a conventional ma-chine learning technique. The results related to Arteta’s
method on the bacterial dataset was referred to the literature (Arteta et al., 2016).
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The experiment settings related to the three deep learning detection-based counting methods are
described as below. The StructRegNet model was built up based on the instructions presented by
Xie et al. (Y. Xie et al., 2018). The ground truth proximity map was generated by an exponential
function deﬁned as:
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where D(i, j) is the Euclidean distance from a pixel (i, j) to its closest annotated cell centroid; d is
a distance threshold and α is the decay ration, and both of them are used to control the shape of
this exponential function. As suggested in literature (Y. Xie et al., 2018), α = 3, d = 15 was set in
this study; the loss function for model training was a weighted MSE between the ground truth
and estimated proximity map measured in a training batch. In this loss function, pixels closer to
cell centroids were assigned to higher weights than those far-away pixels, and obtained more
attention in the model training.
Although the task in this study is to annotate cell centroids, considering that the original U-Net
method (Ronneberger et al., 2015) requires fully annotation of complete cell masks, we reformulated the cell counting task as a segmentation problem in order to adapt the U-Net model to
infer a segmentation map containing a small 2D disk at each cell centroid for each image, as
suggested by Falk et al. (Falk et al., 2019). When generating the ground truth segmentation
maps, the radii of the 2D disks were set to 4 pixels, 8 pixels, 5 pixels and 3 pixels for the
bacterial cell, bone marrow cell, colorectal cancer cell and hESC datasets, respectively, based on
the average cell size of each dataset. A binary cross-entropy loss was used for U-Net model
training. The same adaptation was performed for the Mask R-CNN method, except that a
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separate segmentation map was generated for each cell. For example, a set of Nc separate
segmentation maps were prepared as the ground truth for an image containing Nc cells. ResNet101 was chosen as feature extraction network in the Mask R-CNN model, since it yields better
performance than the ResNet-50.
The implementations of the six to-be-compared deep learning-based methods, including the
FCRN, C-FCRN-only, Count-Ception, U-Net, Mask R-CNN, and StructRegNet, were based on
the same Python, Tensorﬂow and Keras libraries as described in Secion 3.4. In addition, the
buildup of Mask R-CNN model was based on an open-sourced repository (Abdulla, 2017). A
Matlab implementation of Lempitsky’s method provided by Lempitsky et al. (Lempitsky and
Zisserman, 2010) was used to evaluate the Lempitsky’s method. The results related to Arteta’s
method on the bacterial dataset was directly referred to the literature (Arteta et al., 2016).

2.3.6 Performance evaluation metrics
Mean absolute count error (MAE), mean relative count error (MRE), and their related standard
deviations (denoted by STDa and STDr) were employed as the evaluation metrics:

4B are the ground truth cell count and the
where T is the number of validation images, 𝑁B3 and 𝑁
3
estimated cell count in the t-th image respectively. MAE measures the mean of the absolute
errors between the estimated cell counts and their ground truths for all the validation images.
Considering the large variance in the numbers of cells in colorectal images and hESC images,
MRE was also considered for method evaluation because they measure the relative errors
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between the ground-truth counts and the estimated counts. STDa and STDr indicate the stability
of the cell counting process. A lower MAE or MRE indicates a better cell counting accuracy, and
a lower STDa or STDr means a stabler counting performance.

2.4 Experimental results
2.4.1 Cell counting performance
Cell counting performance of the proposed “C-FCRN+Aux” method and the other eight methods
on the four datasets are reported in the Figure 2.6 and Table 2.2. The proposed method
demonstrates superior cell counting performance to the other eight methods in terms of MAE and
MRE. Compared to the regression-based methods, all four detection-based methods achieve
worse counting performance in terms of MAE and MRE. Also, all three non-linear density
regression-based methods (the proposed method, FCRN, C-FCRN-only) demonstrate superior
counting performance compared to Lempitsky’s method, one of the conventional linear methods.
A paired t-test was performed on the absolute counting errors related to the proposed method (CFCRN+Aux) and its closest counterpart C-FCRN-only. In this test, the null hypothesis H0 was
deﬁned as the population means of absolute errors related to the C-FCRN+Aux is higher than
that of C-FCRN, and vice versa for hypothesis H1. The p-values for the tests on the syn-thetic
cell, bone marrow cell, colorectal cancer cell, and hESC datasets are 6.19 × 10−4, 0.042, 5 × 10−7
and 2.8 × 10−3, respectively. A similar paired t-test was performed on the absolute counting
errors related to C-FCRN+Aux and original FCRN, and the corresponding p-values related to the
four datasets are 0.024, 0.012, 7.35 × 10−5 and 0.017, respectively. The paired t-test results show
that the MAEs related to the proposed method were lower than its two counterparts: C-FCRN
and FCRN-only with statistical signiﬁcance.
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Figure 2.6. The MRE performance
evaluated on four different
datasets. “C-FCRN+Aux”
represents the proposed method in
this study. No MRE results were
reported for Arteta’s method.

Table 2.2. MAE+STD performance evaluated on the four data sets.

* indicates the result reported in the literature (Arteta et al., 2016), in which the method was tested on a set of
100 testing bacterial cell images. Dfifferently, the results from other methods related to this dataset were
evaluated on a complete set of 200 bacterial cell images in this study, since the cross validation-based
evaluation allows each image to be considered as a testing image for once. In addition, the Lempitsky’s
method was only validated on the bacterial cell dataset because this dataset provides handcrafted image
features for validation purpose. The results from the U-Net and Mask R-CNN were not reported on colorectal
cancer cell and hESC datasets, due to their failure in providing reasonable detection results on the two datasets.

Figure 2.7 shows the estimated density/count map of a testing example in each of the four
datasets. The density maps estimated by the C-FCRN+Aux appear visually closer to the ground
truth density maps compared to the FCRN method. It is noted that the Count-Ception method
predicts a count map directly without providing cell centroid locations, which is different from
the other density regression-based methods.
Figure 2.8 shows the result of a testing example in each of the bacterial and bone marrow cell
datasets by use of three detection-based methods (Mask R-CNN, U-Net and StructReg-Net). The
StructRegNet achieves more accurate results than the other two. One of the possible reasons is
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Figure 2.7. Estimated density or count
maps from a sample image in each of the
four datasets. The panels from left to right
on each row show the cell images and the
density/count maps estimated by the
FCRN, the Count-Ception, and the
proposed method (C-FCRN+Aux), and the
associated ground truth density maps,
respectively.

Figure 2.8. Example results of three deep-learning detectionbased cell counting methods (Mask R-CNN, U-Net, and
StructRegNet). Panels (a) and (b) show the prediction results
on the bacterial and bone marrow datasets, respectively. The
green cycles and red dots in each image represent the ground
truth annotations and the detected cell centroids, respectively.

Figure 2.9. Example prediction results based on the proposed
C-FCRN+Aux method and the detection-based method
(StructRegNet). Here, “image”, “C-Aux” and “RegNet”
represent the processed image and the estimated density map
using the “C-FCRN+Aux” method and the computed
proximity map using the “StructRegNet” methods. The red
dots represent the detected cell centroids based on the
computed proximity map, respectively.
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that the Struc-tRegNet model is trained to regress a dense proximity map, in which the pixels
closer to cell centroids can get more attention than those far-away pixels; this is diﬀerent from
the U-Net and Mask R-CNN model. This can beneﬁt more for local maximum searching in the
non-maximum post-process and yield better cell detection performance. It was also observed that
the three detection-based methods commonly failed in detecting clustered and occluded cells in
the bacterial image example. Also, they either under-detect or over-detect cells in the bone
marrow image example. These images contain strongly heterogenous backgrounds and the
shapes of cells vary largely. The inaccuracy of cell detection with these detection-based methods
con-ﬁrms their lower cell counting accuracy shown in the Table 2.2 and Figure 2.6.
Figure 2.9 shows the result on an example in each of the colorectal and hESC datasets by use of
the proposed method and the StructRegNet method, which are the best-performing regressionbased method and detection-based method tested in this study, respectively. The cells are
commonly concentrated in colorectal cell images and seriously clustered and occluded in the
hESC images. Cell detection in these two scenarios is extremely challenging. The StructRegNet
method shows much worse counting performance compared to the proposed method.

2.4.2 Beneﬁts of using AuxCNNs to support C-FCRN training
The accuracy of the estimated density map along the training process was investigated to
demonstrate that AuxCNNs supports the overall model training process. Figure 2.10 shows the
curves of validation losses vs. the number of epochs for the proposed method and the other two
nonlinear density regression methods (C-FCRN-only and FCRN) on four datasets. One of the
ﬁve validation curves generated during the 5-fold cross validation procedure is presented for
each method as an example. The curves generated for the ﬁrst 500 epochs are shown because the
validation losses keep stable after the 500-th epoch. As shown in Figure 2.10, the curves from all
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three methods con-verge when the number of epochs increases, which reﬂects the stability of
training process. In addition, the curves of the proposed C-FCRN+Aux method are signiﬁcantly
lower compared to the other two for all four datasets, which demonstrate that the proposed
method allows to train a model that yields better model-ﬁtting with the deep supervisions from
the AuxCNNs. This analysis of validation loss over the training process is consistent with the
results shown in Tables 2 and Figure 2.6, and reﬂects the better model ﬁtting and generalization
of our DRM to the validation data.

Figure 2.10. Validation losses as the functions of epochs are plotted for the DRM training on the four
datasets. C-Aux and C-FCRN are abbreviations of C-FCRN+Aux and C-FCRN-Only methods,
respectively.
Table 2.3. Computational Efficiency Comparison.

2.4.3 Computation eﬃciency comparison
The computation eﬃciencies of the seven deep convolutional neural network-based methods,
including the proposed method, FCRN, C-FCRN-Only, Count-Ception, StructRegNet, U-Net
and Mask R-CNN, were compared. The average processing time on testing images with the same
GPU settings was employed as the comparison metric. Table 2.3 shows that the pro-posed
method costs comparable counting time compared to the FCRN and the C-FCRN-Only methods.
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The Count-Ception method is the more time-consuming one in comparison to the other three
regression-based methods. In the Count-Ception method, max-pooling layers are not employed
in the network, and ﬁlters with large spatial size (5 × 5 pixels) are employed for extracting multiscale features from images. These two reasons induce a large amount of convolution operations
between high-dimension feature maps and large-sized ﬁlters, therefore, leading to the high
computation workload in the Count-Ception method.
Density regression-based methods are less time-consuming than the three detection-based
methods (StructRegNet, U-Net, and Mask R-CNN). The main reason is that the non-maximum
suppression post-processing for cell detection costs a consider-able amount of time. Mask RCNN takes particularly longer time because of its superior larger network size and its aim at
predicting separate masks for each cell, which is a much more complex task compared to the cell
counting task.

2.5 Discussion
The method proposed in this study combines the advantage of FCRN design with concatenation
layers and a deeply-supervised learning strategy. It solves the two shortcomings that exit in the
original FCRN. The concatenated layers integrates multi-scale features extracted from nonadjacent layers to im-prove the granularity of the extracted features and further sup-port the
density map estimation. The deeply-supervised learning strategy permits a direct supervision
from AuxCNNs on learning its intermediate layers to mitigate the potential varnishing gradient
issue and improve the cell counting performance. The results on four image datasets show
superior cell counting performance of the proposed method compared to the other eight state-ofthe-art methods. In addition, compared to the original FCRN, the proposed method improve the
counting performance on four datasets ranging from 13% to 31% in terms of MAE. The
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computational eﬃciency of the proposed method is comparable to other density regression-based
methods. The proposed method is capable of processing arbitrary-size images and estimating
their density maps by use of fully convolutional layers in the C-FCRN. The proposed method
could also be applied to heterogeneous cell assemblies, if cell types of interest are annotated in
the training images. This deeply supervised learning framework will encourage the trained DRM
to focus on the cell types of interest but consider cells of other types as background.
In addition, the proposed method, other four regression-based and four detection-based methods
were investigated on four challenging datasets. In general, the density regression-based methods
yielded better performance and had three advantages over the detection-based methods. First, the
regression-based methods count cells without cell detection, which can avoid challenging cell
detection issues that commonly exist in microscopy images. Second, density regression-based
methods are convenient for deployment, since they do not require trivial post-processing such as
thresholding and non-maximum suppression. Thirdly, density regression-based methods can
count cells more eﬃciently, i.e. the counting for an image of 512 × 512 pixels takes about 20ms.
The three advantages enable the density-regression based methods to be potentially applied to
real-time clinical applications. In addition, it should be noted that even though the detectionbased methods yield lower performance on this cell counting task, they are more suitable for the
segmentation of cells of other types for other applications (Johnson, 2018; Zhang et al., 2018).
Generally, for those cell types of interest, the cells in the acquired microscopy images are less
overlapped and the cell masks can be fully annotated.
In the current study, all images are pre-processed by simply normalizing the intensities to the
range of [0, 1] to increase the stability of the model training process. In the future, we will
investigate other image denoising and/or image enhancement methods to more accurately count
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cells for images that exhibit highly inhomogeneous tissue backgrounds and noises, or yield low
image contrast. Also, the cell centroids used for generating ground truth density maps in the
three experimental datasets were manually annotated by human experts, which may be subject to
subjective errors. This might be one of the reasons that the MREs of these three experimental
datasets (shown in Figure 2.6) were higher than that of the synthetic bacterial dataset. More
accurate annotation strategies will be investigated to re-duce the uncertainty in generating ground
truth density maps. In this study, a uniform network architecture of C-FCRN+Aux was applied
to learn DRMs separately on each of the four dis-tinct datasets. We will adapt some other
variants of FCNNs in the future that aim at crowd counting tasks (Sindagi and Patel, 2017;
Walach and Wolf, 2016; Zhang et al., 2015) for varied datasets.

2.6 Conclusions
A deeply-supervised density regression model is proposed in this study for accurately and
robustly counting the number of cells in microscopy images. The proposed method is capable of
processing varied-size images containing dense cell clusters, large variations of cell morphology
and inhomogeneous back-ground noise. Extensive experiments based on four datasets
representing diﬀerent image modalities and image acquisition techniques demonstrated the
eﬃciency, robustness, and generality of the proposed method. The proposed method can be
potentially to be applied to real-time clinical applications. It also holds the promise to be applied
to a number of diﬀerent problems, such as object counting (other than cells) in crowded scenes.

Chapter Authors
Shenghua He, Kyaw Thu Minn, Lilianna Solnica-Krezel, Mark A.Anastasio, Hua Li
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Chapter 3: High-Resolution Transcriptional
and Morphogenetic Profiling of Cells from
Micropatterned Human Embryonic Stem
Cell Gastruloid Cultures
3.1 Summary
During mammalian gastrulation, germ layers arise and are shaped into the body plan while
extraembryonic layers sustain the embryo. Human embryonic stem cells, cultured with BMP4 on
extracellular matrix micro-discs, reproducibly differentiate into gastruloids, expressing markers
of germ layers and extraembryonic cells in radial arrangement. Using single-cell RNA
sequencing and cross-species comparisons with mouse, cynomolgus monkey gastrulae, and postimplantation human embryos, we reveal that gastruloids contain cells transcriptionally similar to
epiblast, ectoderm, mesoderm, endoderm, primordial germ cells, trophectoderm, and amnion.
Upon gastruloid dissociation, single cells reseeded onto micro-discs were motile and aggregated
with the same but segregated from distinct cell types. Ectodermal cells segregated from
endodermal and extraembryonic but mixed with mesodermal cells. Our work demonstrates that
the gastruloid system models primate-specific features of embryogenesis, and that gastruloid
cells exhibit evolutionarily conserved sorting behaviors. This work generates a resource for
transcriptomes of human extraembryonic and embryonic germ layers differentiated in a
stereotyped arrangement.

3.2 Introduction
During mammalian embryogenesis, the first major lineage segregation occurs when
trophectoderm (TE), primitive endoderm (PE or hypoblast), and pluripotent epiblast (EPI) arise
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in the blastocyst (Cockburn and Rossant, 2010). EPI is a precursor of all embryonic tissues,
whilst the surrounding hypoblast and TE form extraembryonic (ExE) cells that provide signals to
instruct embryonic polarity and germ layers formation (Arnold and Robertson, 2009). Despite
similarities at the pre-implantation blastocyst stage, differences are observed during postimplantation stages between primate and murine development, as revealed by in vitro cultured
human (Deglincerti et al., 2016a; Shahbazi et al., 2016) and cynomolgus monkey embryos (Ma
et al., 2019; Nakamura et al., 2016; Niu et al., 2019). Whereas TE can be further distinguished
into polar (adjacent to EPI) and mural (distal to EPI) in both murine and primate preimplantation
embryos, implantation is initiated via polar TE in primates but via mural TE in murine embryos
(Shahbazi and Zernicka-Goetz, 2018). Upon implantation in human and primate cynomolgus
monkey embryos, EPI cells adjacent to the polar TE form amnion, while those adjacent to
hypoblast form a flat epithelial disc that will give rise to germ layers during gastrulation (Ma et
al., 2019; Niu et al., 2019; Xiang et al., 2019). In contrast, germ layers arise from cup-shaped
EPI epithelium in mouse.
Gastrulation, during which germ layers are formed and shaped into a body plan, is a fundamental
and conserved phase of animal embryogenesis (Solnica-Krezel and Sepich, 2012). During mouse
and cynomolgus monkey gastrulation, the primitive streak (PS) forms at the posterior epithelial
EPI. Cells in this region undergo epithelial to mesenchymal transition (EMT), and subsequently
ingress through the PS and migrate to form mesoderm and endoderm. Cells that remain in the
EPI become ectoderm (Tam and Behringer, 1997; Williams et al., 2012). Concurrent with
gastrulation initiation, primordial germ cells (PGCs) are specified in the EPI of the mouse
embryo (Lawson et al., 1999), but likely in the amnion in primates (Sasaki et al., 2016).
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While EMT endows mesendodermal cells with motility, another morphogenetic process known
as cell sorting is thought to underlie the proper segregation of germ layers in frog and fish
gastrulae. Through cell sorting, germ layers achieve and maintain segregated populations,
ensuring establishment of tissue boundaries (Fagotto, 2014). First demonstrated by Holtfreter
and colleagues, cells from dissociated amphibian gastrulae, when re-aggregated in vitro,
segregate into their distinct germ layers (Townes and Holtfreter, 1955). Subsequent work in
Xenopus, Rana pipiens, and zebrafish gastrulae further supports reaggregation and segregation of
germ layer cells (Davis et al., 1997; Klopper et al., 2010; Ninomiya and Winklbauer, 2008).
Whether cell sorting is a conserved morphogenetic behavior during mammalian gastrulation,
remains to be tested.
Our knowledge of human gastrulation has largely been derived from studies in model organisms,
including mouse and more recently, cynomolgus monkey (Ma et al., 2019; Nakamura et al.,
2016; Niu et al., 2019). Ethical guidelines limit human embryo studies to 14 days post
fertilization (dpf) or the onset of gastrulation (Pera, 2017), highlighting the need for alternative in
vitro models. Demonstrating that embryonic stem cells (ESCs) can model aspects of in vivo
gastrulation, mouse ESCs cultured in appropriate conditions, differentiate into the three germ
layers and recapitulate aspects of spatial patterning, axis formation, symmetry breaking, selforganization, and polarization of gene expression (Beccari et al., 2018; Fuchs et al., 2012;
Harrison et al., 2017; Kopper et al., 2009; Morgani et al., 2018; Sozen et al., 2018; ten Berge et
al., 2008; Turner et al., 2017; van den Brink et al., 2014). Similarly, human ESCs (hESCs) may
be used to model aspects of human gastrulation. Warmflash et al. reported that hESCs, cultured
in confined micro-discs of extracellular matrix (ECM) and stimulated with BMP4, can
reproducibly differentiate into radially organized cellular rings, expressing markers of ectoderm,
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mesoderm, endoderm, and TE, arranged from the center outwards, respectively (Warmflash et
al., 2014). Mesendodermal cells in these cultures exhibit features of EMT, reminiscent of PS
formation (Martyn et al., 2019; Warmflash et al., 2014). However, the cellular complexity of
these micropatterned gastruloids remains to be determined.
Here we adapted the micropatterned gastruloid culture (Warmflash et al., 2014) and validated
that hESCs in micro-discs, upon BMP4 treatment, reproducibly form radially organized germ
layers and ExE-like cells. Single-cell RNA sequencing (scRNA-seq) analyses revealed the
formation in gastruloids of seven cell types, including EPI, ectodermal, two mesodermal, and
endodermal clusters, as well as previously undescribed cell types in the micropatterned
gastruloids, PGC-like, and ExE-like that is transcriptionally similar to TE and amnion. Crossspecies comparisons suggest that human gastruloids correspond to early-mid gastrula stage,
based on high resemblance in cellular composition and gene expression to E7.0 mouse and 16
dpf cynomolgus monkey gastrulae. Finally, dissociated gastruloid cells displayed motility and
cell sorting behaviors when re-seeded on ECM micro-discs: they tended to aggregate with
similar, but segregate from unlike cell types in a mixed cell population. Thus, our work
demonstrates that the in vitro hESC micropatterned gastruloid system can generate cellular
complexity of early-mid gastrulae with primate-specific transcriptomes and model conserved
morphogenetic cell sorting behaviors. We also provide a rich resource for the transcriptomes of
human embryonic and ExE cells relevant to the gastrulation stage.
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3.3 Results
3.3.1 BMP4 differentiates hESCs in micro-discs into radial patterns of germ
layers and ExE-like cells
To study aspects of human gastrulation, we adapted the hESC micropattern differentiation
method developed by Warmflash et al. (Warmflash et al., 2014). After treating H1 hESCs
cultured on 500 µm-diameter ECM micro-discs with BMP4 for 44h (Figures S3.1A–D), IF
analysis revealed a radial gradient of the downstream effector phosphorylated SMAD1, which
declined from the edge to the center (Figure 3.1A). Consistent with previous work (Warmflash et
al., 2014), we observed SOX2+POU5F1(OCT4)- ectoderm, Brachyury or T+ mesoderm, SOX17+
endoderm, and CDX2+ ExE-like cells, arranged radially from center to edge (Figures 3.1B–D).
Therefore, BMP4 treatment of H1 hESCs cultured on ECM micro-discs produced microcolonies
termed “gastruloids” with three prospective germ layers surrounded by a ring of ExE-like cells.
We observed a similar radial differentiation pattern with H9 hESCs (Figure S3.1E).
We assessed the number of cells expressing various markers by using fully convolutional neural
network analysis (See Chapter 2) of IF images (He et al., 2019). The majority of H1 cells
differentiated into SOX2+ ectodermal cells (61±14%), followed by T+ mesodermal cells
(42±8%), CDX2+ ExE-like cells (32±13%), and SOX17+ endodermal cells (18±6%) (Figure
3.1E). Both the differentiation pattern and the proportion were consistent across multiple
experiments (Figures 3.1C and 3.1E), highlighting the reproducibility of the micropattern culture
system (Warmflash et al., 2014).
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Figure 3.1. BMP4 induces differentiation of H1 hESCs in Matrigel micro-discs into radially arranged
germ layers and ExE-like cells after 44h. (A) IF images (top) and quantification of fluorescence intensity
(bottom) for BMP4 downstream effector pSMAD1 relative to the DAPI fluorescence marking nuclei (N =
4 experiments; n = 26 gastruloids; pSAMD1 fluorescence intensity normalized against that of DAPI for
each gastruloid along the radius and average normalized value of all gastruloids is shown; error bar
represents S.E.M.). (B) IF images of ectoderm marker SOX2, mesoderm marker T, endoderm marker
SOX17, and TE marker CDX2. (C) Quantification of fluorescence intensity of indicated markers,
normalized to DAPI and shown as averages along the radius of gastruloid (N = 2, 5, 6, 4 experiments; n =
63, 84, 71, 35 gastruloids, respectively for SOX2, T, SOX17, CDX2; fluorescence intensity of each
marker is normalized against that of DAPI for each gastruloid along the radius and average normalized
value of all gastruloids is shown; error bars represent S.E.M.). (D) Schematic representation of cell
differentiation in gastruloids. (E) Total number (top) and fraction (bottom) of cells expressing indicated
markers in gastruloids (each dot represents a gastruloid; same number of gastruloids for each marker as in
(C); error bars represent standard deviation). Scale bar is 100 µm.
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3.3.2 Single-cell profiling reveals additional cell types relevant to gastrulation
Our cell counting data indicated that the proportion of cells expressing ectoderm, mesoderm,
endoderm, and ExE markers (61, 42, 18, and 32%, respectively) exceeded that of nuclei stained
with DAPI or total cells per gastruloid (Figure 3.1E), suggesting that some cells co-expressed a
combination of markers. Thus, we reasoned gastruloids contained more than four distinct cell
types and transitional states, previously undescribed. To define all gastruloid cell types and
determine their comprehensive transcriptomes, we performed scRNA-seq on two independent
biological replicates; each replicate was pooled from 36 individual H1 hESC gastruloids. After
quality control, we selected 1,722 and 753 cells from replicate 1 and 2, respectively (Figures
3.2A and S3.2A). Using the Seurat R toolkit (Butler et al., 2018; Stuart et al., 2019), we
integrated datasets from the two replicates using canonical correlation analysis, and analyzed
2,475 cells expressing 23,271 genes. Unsupervised clustering revealed seven clusters (Figures
3.2B and S3.2B). We found close correlation in gene expression between corresponding clusters
of replicate 1 and 2 (Figure S3.2C). Likewise, all seven clusters overlapped well between the
replicates (Figures 3.2B and S3.2D). These data, along with IF studies (Figures 3.1C and 3.E),
demonstrate that gastruloid differentiation is highly reproducible and consistent across
independent biological replicates.
We used canonical markers including those in the IF study (Figure S3.2E) to annotate the seven
clusters. We identified Ectoderm (SOX2highPOU5F1low), Mesoderm-1 and -2 (T+MIXL1+),
Endoderm (SOX17+PRDM1+FOXA2+), and ExE-like (CDX2+GATA3+), as expected from protein
expression analysis (Figures 3.2B–C). An EPI-like cluster also emerged with gene expression
profile of SOX2highPOU5F1high NANOGhigh. Mesoderm-2 differs from Mesoderm-1 in the
enrichment of markers for more mature mesoderm such as MESP1, TBX6, and LHX1 (Figure
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3.2C). Interestingly, we identified a cluster enriched in PGC markers, NANOS3 and TFAP2C
(Chen et al., 2019), suggesting that gastruloids may contain human PGC-like cells (hPGCLCs)
(Figure 3.2C), a cell type previously not described in the micropatterned gastruloid culture

Figure 3.2. Single-cell RNA-seq profiling reveals cellular complexity of BMP4-induced gastruloids. (A)
Schematic showing scRNA-seq workflow for gastruloids from two biological replicates. (B) UMAP
display of seven cell clusters detected by unsupervised clustering in gastruloids replicate 1 (left),
replicate 2 (middle), and both replicates combined (right). (C) Dot plot showing expression of canonical
markers of ectoderm, epiblast, mesoderm, endoderm, PGC, TE, and amnion in the seven gastruloid
clusters (PGC = Primordial Germ Cell; TE = Trophectoderm).
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system. Furthermore, we discovered that the ExE-like cluster is enriched not only in TE markers,
CDX2 and GATA3, as previously reported, but also in amnion markers such as TFAP2A, WNT6,
and HAND1 (Ma et al., 2019; Niu et al., 2019; Zheng et al., 2019). All markers used to annotate
clusters were well-represented in both replicates (Figure S3.2F). Overall, these data showed
similarity between two scRNA-seq replicates, and the identification of seven clusters based on
canonical markers. We used the combined dataset of replicate 1 and 2 in downstream analyses,
unless otherwise noted.
We next wished to probe further the characteristics of the gastruloid clusters beyond canonical
marker expression. First, what stage of the gastrulation in vivo does the gastruloid platform
model? Second, can the gastruloids model conserved mechanisms of gastrulation and reveal its
primate and/or human specific features? Third, can the gastruloid platform be used to discover
new mechanisms of human gastrulation? Thus, we queried gastruloid cellular identities in an
unbiased and comprehensive manner using published datasets (Figure 3.2A), including
gastrulating mouse embryos (Pijuan-Sala et al., 2019), post-implantation primate cynomolgus
monkey embryos (Ma et al., 2019; Nakamura et al., 2016), in vitro cultured human embryos (Lv
et al., 2019; Xiang et al., 2019), and hESC-differentiated cell types (Chen et al., 2019; Chu et al.,
2016; Loh et al., 2016; Lu et al., 2018; Zheng et al., 2019).

3.3.3 Cross-species comparisons suggest similarity of gastruloid to early-mid
gastrula stage
We performed cross-species comparison with scRNA-seq data from gastrulating mouse embryos
at E6.5, 6.75, 7.0, 7.25, and 7.5 (Pijuan-Sala et al., 2019) and in vitro cultured primate
cynomolgus monkey at 11, 12, 13, 14, 16, and 17 dpf (Ma et al., 2019). Briefly, gastruloid and
mouse or monkey data at all indicated stages were first integrated. For each gastruloid cell, we
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computed cell type or stage prediction scores based on the labels of its nearest neighbors in the
reference mouse or monkey dataset (Stuart et al., 2019). The reference cell type or stage with the

Figure 3.3. Cross-species comparison with mouse and cynomolgus monkey gastrulating embryo. (A, B)
UMAP displaying overlap of cells in gastruloids and mouse (A), and monkey (B) at indicated gastrulation
stages. (C, D) Bar plots showing composition of predicted mouse (C) and monkey (D) cell stages in all
gastruloids, replicate 1, and replicate 2. (E, F) Violin plots showing predicted score of mouse (E) and
monkey (F) cell stages in gastruloid cells (ns = not significant; *, **, ***, **** indicates p < 0.05, 0.01,
0.001, 0.0001, respectively, one-way ANOVA with Tukey’s multiple comparisons test; dash lines
indicate 1st, 2nd, and 3rd quartiles). (G, H) Gene expression correlation between gastruloids and mouse
(G) and monkey (H) developmental stages using top 500 shared highly variable genes. (I, J) Dot plots
showing predicted mouse (I) and monkey (J) cell types and stages in gastruloid clusters (PS, primitive
streak; postE/L-EPI, post-implantation early/late epiblast; E/L-Gast, early/late gastrulating cells; EXMC,
ExE mesenchyme; VE/YE, visceral/yolk sac endoderm; E-PGC, early PGC; E/L-AM, early/late amnion;
TE, trophectoderm).
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highest prediction score was assigned as the predicted cell type or stage for each gastruloid cell.
Thus, each gastruloid cell contains labels for the original cluster annotation based on marker
expression (Figures 3.2B–C) and predicted (or projected) mouse or monkey cell types and
stages.
We found that gastruloid data overlapped with specific mouse and monkey cells during
gastrulation (Figures 3.3A–B). Composition of predicted cell types in gastruloids showed high
similarity to the composition of cell types in E7.0 mouse and 16 dpf monkey (Figures S3.3A and
S3.3B), implying that gastruloids represent early-mid gastrula stage in cellular composition.
Alternatively, projection of mouse or monkey cell stages onto gastruloid data showed that the
greatest number of gastruloid cells were predicted to be E7.0 mouse (42%; Figure 3.3C) and 16
dpf monkey (54%; Figure 3.3D). Similarly, predicted mouse or monkey cell stage scores for
individual gastruloid cells revealed the highest score for E7.0 mouse and 16 dpf monkey (Figures
3.3E–F). Corroborating these findings, we found the closest correlation in gene expression
between gastruloids and E7.0 mouse or 16 dpf monkey (Figures 3.3G–H). Emphasizing the
reproducibility of the micropatterned gastruloid system, we found strikingly similar composition
of predicted mouse or monkey cell stages and types between the two gastruloid replicates
(Figures 3.3I–J, S3.3C, and S3.3D). Interestingly, 16 dpf monkey cells also scored the highest
for E7.0 mouse (Figure S3.3E), and their gene expression correlated closely to E7.0 mouse
(Figure S3.3F). These data suggest that the developmental stage of 16 dpf cynomolgus monkey
corresponds to that of E7.0 mouse, and that gastruloids resemble cell stages at both E7.0 mouse
and 16 dpf cynomolgus monkey gastrulae. Based on these results, we posit that micropatterned
gastruloids after 44h of BMP4 differentiation resemble early-mid gastrula stage.
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3.3.4 EPI-like cluster with characteristics of post-implantation epiblast
Our scRNA-seq analyses defined a cell cluster enriched for human EPI markers, DPPA4,
NANOG, POU5F1, SOX2, GDF3, NODAL, and TDGF1 (Petropoulos et al., 2016; Xiang et al.,
2019) (Figure 3.2C). Strong expression of NODAL, GDF3, and TDGF1 suggested activity of
NODAL signaling, which is known to posteriorize EPI and is an evolutionarily conserved
mesendoderm inducer from fish to mammals (Brennan et al., 2001; Schier, 2009). Projecting
mouse (Pijuan-Sala et al., 2019) or monkey (Ma et al., 2019) cell type labels onto the gastruloid
data showed that the majority of cells in the EPI-like cluster was predicted to correspond to
mouse EPI (86%; Figure 3I), and monkey post-implantation EPI (postE-EPI, 71% and postLEPI, 28%; Figure 3.3J). We also found that monkey postE-EPI and postL-EPI are predicted to
correspond to mouse EPI cells (Figure S3.3G). Moreover, the gastruloid EPI-like cluster
exhibited the closest correlation in average gene expression to monkey postE-EPI and postL-EPI
from another study (Nakamura et al., 2016) (Figure S3.3H), and in vitro cultured 6–14 dpf
human embryo (Xiang et al., 2019) (Figure 3.4A). These results suggest that the EPI-like cluster
is transcriptionally similar to human, monkey, and mouse post-implantation EPI.
Using R Bioconductor destiny package (Angerer et al., 2016), we calculated diffusion maps
(Figure S3.4A) to investigate pseudotime and transition probabilities among gastruloid clusters.
Pseudotime placed germ layer-related Ectoderm and Mesoderm-1 immediately after the EPI-like
cluster (Figures 3.4B, and S3.4B), which also had the highest probability to transition to
Ectoderm and Mesoderm-1 (Figures 3.4C and S3.4C). Therefore, our results are consistent with
cells in the EPI-like cluster representing precursors of those in Ectoderm and Mesoderm-1
clusters, similar to EPI cells being precursors of the germ layers.
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Figure 3.4. Characterization of gastruloid EPI-like, Ectoderm, Mesoderm, and Endoderm clusters. (A)
Average expression correlation of 434 shared highly variable genes between the gastruloid EPI-like
cluster and epiblast-related cell types from in vitro cultured human embryos. (B) UMAP displaying
pseudotime overlay in gastruloid clusters. (C) Heatmap illustrating probabilities of a gastruloid cluster
transitioning into other clusters. (D) Dot plot showing expression of indicated neural and nonneural
ectoderm markers. (E) Average expression correlation of 546 shared highly variable genes between
gastruloid clusters and hESC-differentiated neuro progenitors. (F) Average expression correlation of 323
shared highly variable genes between gastruloid Mesoderm-1 and Mesoderm-2 clusters, and hESCdifferentiated PS- and mesoderm-related cell types. (G) IF images of CDH2 and indicated markers in
gastruloids. (H) Cosine similarity analysis of expression domains between CDH2 and indicated markers
(each dot represents a pair of indicated marker in a gastruloid; number of gastruloids used for each pair of
indicated makers shown right of the chart; **** p < 0.0001, one-way ANOVA with Tukey’s multiple
comparisons test; error bars represent standard deviation). (I) IF images of PE marker GATA6 and DE
maker FOXA2 in gastruloids. (J) Average gene expression correlation between gastruloid clusters and
hESC-differentiated DE, and PE from in vitro cultured human embryos (based on 434, 374, and 546
shared highly variable genes with Xiang et al., Lu et al., and Chu et al., respectively). Scale bar is 100
µm.
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3.3.5 Ectodermal cluster expressing nonneural and neural ectoderm markers
Cells in the SOX2highPOU5F1low Ectoderm cluster expressed neuroectoderm markers, NES
(Lendahl et al., 1990), VIM (Schnitzer et al., 1981), DLK1 (Surmacz et al., 2012), and LGI1
(Tchieu et al., 2017). We also detected transcripts expressed in mouse ectodermal derivatives,
CYFIP2, PTN, GLI3, ID3, CRABP2, and SFRP1 (Pijuan-Sala et al., 2019) (Figures 3.2C and
3.4D). While CYFIP2, PTN, CRBP2, and GLI3 are expressed in rostral neuroectoderm, CYFIP2
is also found in surface ectoderm of the E7.0 mouse embryo. CRBP2 and SFRP1 are spinal cord
markers, while PTN and GLI3 are forebrain/midbrain/hindbrain markers (Pijuan-Sala et al.,
2019). Cross-species comparison showed that cells in this cluster were predicted to be mouse
rostral neuroectoderm (35%; Figure 3.3I) and monkey postL-EPI (66%; Figure 3.3J). Suggesting
that some cells have not fully differentiated into ectoderm, a portion of them had predicted label
for mouse EPI (26%; Figure 3.3I). Interestingly, some cells were predicted as ExE mesenchyme
in mouse (19%) and monkey (26%). Nonetheless, average gene expression of this cluster showed
the closest correlation to that of hESC-derived neuro progenitors (Chu et al., 2016) (Figure
3.4E). Overall, these data suggest that this cluster resembles prospective ectoderm, expressing
nonneural and neural ectoderm genes.

3.3.6 Mesodermal clusters with characteristics of PS and nascent mesoderm
During gastrulation, mesoderm precursors within the PS undergo EMT, ingress through the PS,
and then migrate to differentiate into paraxial, intermediate, and lateral plate mesoderm (Tam
and Behringer, 1997). Our analyses revealed two presumptive mesoderm clusters, termed
Mesoderm-1 and Mesoderm-2, both of which expressed markers of PS and mesoderm, T,
MIXL1, and EOMES (Costello et al., 2011) (Figure 3.2C). Interestingly, Mesoderm-1 expressed
T at slightly higher levels than Mesoderm-2, suggesting that Mesoderm-1 may represent PS-like
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cells. Mesoderm-2 showed significantly higher transcript levels (p < 0.001) of genes expressed
in mesodermal cells that have already traversed through the PS, including SNAI1, and markers of
lateral plate PDGFRA, MESP1, APLNR, and HAS2 (Chan et al., 2013; Klewer et al., 2006;
Vodyanik et al., 2010), paraxial TBX6 and DLL3 (Lam et al., 2014; Loh et al., 2016), and
intermediate mesoderm LHX1 (Lam et al., 2014) (Figure S3.4D). Moreover, both clusters
expressed transcripts encoding the organizer marker GSC, and associated secreted inhibitors
DKK1 and CER1 (Martyn et al., 2018) (Figure S3.4E). Pseudotime placed Mesoderm-2 after
Mesoderm-1, which in turn, was placed after EPI-like (Figure 3.4B), suggesting that Mesoderm1 represents cells in transition to Mesoderm-2. Consistent with this, the Mesoderm-1 cluster had
the highest probability to transition to Mesoderm-2 (Figure 3.4C). Hence, the Mesoderm-2
cluster likely represents nascent mesoderm and/or precursors of differentiating mesodermal
lineages.
Consistent with Mesoderm-1 and -2 resembling mouse PS and nascent mesoderm, respectively,
cross-species comparison with mouse suggested that more Mesoderm-1 cells were predicted to
correspond to PS (44% vs. 2% in Mesoderm-2) but more Mesoderm-2 cells to nascent mesoderm
(71% vs. 14% in Mesoderm-1; Figure 3.3I). Similarly, Mesoderm-1 showed closer average gene
expression correlation to hESC-differentiated PS cell types, but Mesoderm-2 to lateral and
paraxial mesoderm (Loh et al., 2016) (Figure 3.4F). Cross-species comparison with monkey
indicated that Mesoderm-1 and -2 had predicted labels for early gastrulating (E-Gast, 17% vs.
0%) and late gastrulating cells (L-Gast1, 43% vs. 6%; L-Gast2, 2% vs. 21%; Figure 3.3J).
Corroborating our pseudotime analysis that Mesoderm-1 likely represents a transitional state
from EPI-like, a fraction of Mesoderm-1 cells had predicted labels of mouse EPI (23% vs. 0% in
Mesoderm-2; Figure 3.3I), and monkey EPI (postE-EPI and postL-EPI, 34% vs. 0% in
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Mesoderm-2; Figure 3.3J). Taken together, we interpret these data that gastruloid cultures gave
rise to mesodermal cells similar to monkey gastrulating cells as well as mouse PS and nascent
mesoderm, and that gastruloid Mesoderm-1 may represent a transitional state to Mesoderm-2.
During gastrulation, nascent mesendodermal cells undergo EMT, which is marked by the
upregulation of CDH2 (Radice et al., 1997). Substantiating previous reports of EMT signature in
gastruloids (Martyn et al., 2019; Warmflash et al., 2014), IF experiments revealed distinct
expression of CDH2 in T+ and SOX17+ mesendodermal cells (Figure 3.4G). Quantification of
fluorescence intensity indicated that the expression domain of CDH2 primarily overlapped with
that of T and SOX17 (Figure S3.4H). As an independent approach, we utilized cosine similarity
analysis to measure the spatial overlap in expression patterns between CDH2 and cell typespecific markers. Cosine values range from 0 to 1, with 0 representing no overlap to 1
representing a complete overlap between expression patterns of two markers. As expected, we
found the cosine value or overlap between expression patterns of CDH2 and T or SOX17 to be
significantly higher than that between CDH2 and ectoderm marker SOX2 or ExE-like marker
GATA3 (p < 0.0001; Figure 3.4H). These results indicate that T+ mesodermal and SOX17+
endodermal cells upregulate CDH2, similar to ingressing mesodermal cells in fish, chick, and
mouse gastrulae (Hatta and Takeichi, 1986; Radice et al., 1997; Warga and Kane, 2007).
Coincident with CDH2 upregulation in T+ mesodermal cells, our scRNA-seq analyses revealed
expression of FGFR1 (Figure S3.4F) and enrichment of its downstream target SNAI1
(Warmflash et al., 2014) in Mesoderm-1 and -2 (Figure S3.4D). SNAI1 is a CDH1
transcriptional repressor and evolutionarily conserved EMT inducer (Barrallo-Gimeno et al.,
2005), suggesting that EMT is mediated through a similar mechanism in gastruloids. We also
found expression of components of FGF, WNT, and NODAL pathways (Figure S3.4F),
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suggesting activation of these pathways, which underlies the EMT induction in mouse (Nieto et
al., 2016). We observed absent or low transcript levels of FGF8 (Figure S3.4G), which is
dispensable for EMT but required for cell migration away from the PS during mouse gastrulation
(Sun et al., 1999). Instead, the gastruloid Mesoderm-1 and -2 clusters expressed FGF17 (Figure
S3.4G). Interestingly, FGF8lowFGF17high signature was also found in the monkey but not in the
mouse gastrulating cells (Figure S3.4G), suggesting that a different FGF ligand is responsible for
promoting cell migration during human/primate gastrulation. Hence, we interpret these data that
while gastruloid cells utilize evolutionarily conserved pathways to undergo EMT and cell
migration, specific components involved may differ between human and mouse.

3.3.7 Gastruloids contain cells resembling primitive and definitive endoderm
We identified in gastruloids SOX17+PRDM1+ presumptive Endoderm cluster, which expressed
both PE marker GATA6 and definitive endoderm (DE) marker FOXA2 (Figure 3.2C). Similarly,
we detected IF staining of GATA6 and FOXA2 in subsets of SOX17+ cells (Figure 3.4I).
Projection of mouse cell type labels showed that the Endoderm cluster had predicted labels of
DE (23%), anterior PS (18%), ExE Endoderm (13%), and PS (12%; Figure 3.3I). Projection of
cell type labels from the monkey dataset, which lacks DE (Ma et al., 2019), showed that the
Endoderm cluster had predicted labels of visceral endoderm (VE/YE, 36%), ExE mesenchyme
(EXMC,31%), and gastrulating cells (E-Gast and L-Gast1/2, 28%; Figure 3.3J). Further
comparison with 3D human embryo culture (Xiang et al., 2019) and hESC-derived DE (Chu et
al., 2016; Lu et al., 2018) showed that gastruloid Endoderm cluster exhibited close correlation in
gene expression to both PE and DE (Figure 3.4J). Thus, we reasoned that the Endoderm cluster
represents precursors or mixture of both PE and DE.
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3.3.8 Gastruloids contain cells similar in gene expression profiles to
primordial germ cells
The presence of hPGCLC has not been described in BMP4-differentiated gastruloids (Warmflash
et al., 2014). Our scRNA-seq discovered a hPGCLC cluster significantly enriched for PGC
markers NANOS3 and TFAP2C (Chen et al., 2019; Sasaki et al., 2016) (p < 0.0001; Figure
3.5A), suggesting that hPGCLCs arose in gastruloids. This cluster had gene expression profile,
SOX17+TFAP2C+PRDM1+POU5F1+NANOG+T+SOX2low (Figure S3.5A), as reported for
cynomolgus monkey PGCs (Sasaki et al., 2016). The co-expression of SOX17, TFAP2C,
NANOG, and NANOS3 in hPGCLC was also reported in a recent study that implicated TFAP2C
in SOX17 regulation during human germline development (Chen et al., 2019). We calculated the
PGC module score, the difference between the average expression of PGC markers (NANOS3,
SOX17, TFAP2C, PRDM1, and NANOG) and that of randomly assigned genes (Butler et al.,
2018; Tirosh et al., 2016), and found that the hPGCLC cluster scored the highest (Figure 3.5B).
Validating scRNA-seq findings, we observed SOX17+TFAP2C+ cells in all gastruloids analyzed
(47/47; Figures 3.5C and S3.5B). We noted that TFAP2C is primarily co-expressed in SOX17+
cells, some in amnion marker TFAP2A+ cells but not in T+ mesodermal or GATA3+ ExE-like
cells (Figures S3.5B–E).
Cross-species comparison indicated that gastruloid hPGCLCs have predicted labels of monkey
early PGCs (80%; Figure 3.3J). Gastruloid hPGCLCs also showed the closest gene expression
correlation to hESC-derived hPGCLCs in 2D (Chen et al., 2019) and 3D (Zheng et al., 2019)
culture conditions (Figure 3.5D). Interestingly however, cross-species comparison with mouse
showed that the hPGCLC cluster had predicted labels of EPI (64%), ExE ectoderm (13%), and
ExE endoderm (10%; Figure 3.3I). We reasoned the mismatch occurred because hPGCLC
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Figure 3.5. Characterization of gastruloid hPGCLCs. (A) Violin plot showing expression of PGC
markers NANOS3 and TFAP2C in gastruloid clusters (**** indicates p < 0.0001; one-way ANOVA with
Tukey’s multiple comparisons test; dash lines indicate 1st, 2nd, and 3rd quartiles). (B) UMAP showing
module score of PGC signature NANOS3, SOX17, TFAP2C, PRDM1, and NANOG in gastruloid clusters.
(C) IF images of indicated markers in 2D (left) and 3D (right) (arrows indicate selected TFAP2C+SOX17+
hPGCLCs). (D) Heatmap showing average gene expression correlation between gastruloid clusters and
hESC-derived hPGCLC in 2D (left) and 3D (right) culture conditions (based on 1,055 and 1,129 shared
highly variable genes with Chen et al. and Zheng et al., respectively). (E) Violin plot illustrating module
scores of primate PGC signature NANOS3, SOX17, TFAP2C, PRDM1, and NANOG in mouse PGC,
monkey PGC, and gastruloid hPGCLC (ns = not significant; **** p < 0.0001, one-way ANOVA with
Tukey’s multiple comparisons test; dash lines indicate 1st, 2nd, and 3rd quartiles). Scale bar is 100 µm.

formation and gene expression diverge from mouse PGCs (Tan and Tee, 2019). Accordingly, we
found that the PGC module score, based on primate PGC predictors, of monkey PGCs was
similar to that of gastruloid hPGCLCs but significantly higher than that of mouse PGCs (p <
0.0001; Figure 3.5E). Taken together, these findings suggest that gastruloids contain hPGCLCs
that are transcriptionally similar to monkey and human PGCs.
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3.3.9 ExE-like cluster contains cells with gene expression profiles similar to
TE and amnion
We identified an ExE-like cluster enriched in TE markers CDX2, GATA3, and KRT7 (Blakeley et
al., 2015; Deglincerti et al., 2016a). This cluster also expressed GATA2 and TBX3 (Figure 3.2C),
genes required for trophoblast differentiation in mouse (Bai et al., 2013) and human (Lv et al.,
2019), respectively. Validating scRNA-seq results, IF staining showed CDX2, GATA3, and
KRT7 expression in the outermost ExE-like cells. ZO-1 localization at the apical cell membranes
indicated the epithelial character of these cells (Figure 3.6A), which also expressed proliferative
cytotrophoblast markers, p63, TEAD4, and EGFR (Horii et al., 2016) (Figure S3.6).
Furthermore, the ExE-like cluster showed the closest gene expression correlation to hESCderived trophoblast (Chu et al., 2016) and human TE (Lv et al., 2019) (Figure 3.6D). However,
only a subset of ExE-like cells co-expressed KRT7 (Figure 3.6A), a marker for pan TE lineage in
human (Deglincerti et al., 2016a), suggesting the presence of TE and/or other ExE cellular
subtypes.
Notably, the ExE-like cluster also expressed amnion markers TFAP2A, HAND1, and WNT6 (Ma
et al., 2019; Zheng et al., 2019) (Figure 3.2C). Investigation at single cell resolution revealed that
ExE-like cells co-expressed TE markers GATA3 or CDX2 and amnion marker TFAP2A
(Figures 3.6B–C), at varying co-expression levels. Accordingly, comparison with published
datasets suggested that the ExE-like cluster resembled both TE and amnion cells. Specifically,
cross-species comparison with the mouse embryo dataset (Pijuan-Sala et al., 2019), which does
not contain amnion cells, showed cells in the ExE-like cluster had predicted labels for ExE
ectoderm (76%; Figure 3.3I), a derivative of mouse polar TE (Shahbazi and Zernicka-Goetz,
2018). Mouse ExE ectoderm was also predicted to resemble monkey TE in our cross-species
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Figure 3.6. Characterization of the gastruloid ExE-like cluster. (A, B) IF images of TE makers GATA3
and CDX2 (A), and amnion marker TFAP2A (B) in gastruloids. (C) UMAP showing co-expression of TE
markers GATA3 or CDX2, and amnion marker TFAP2A in the scRNA-seq of the ExE-like cluster. (D)
Average gene expression correlation between gastruloid clusters and amnion or TE-related cell types
from hESC differentiation, and in vitro cultured human and monkey embryos (based on 546, 524, 1,129,
434, and 371 shared highly variable genes with Chu et al., Lv et al., Zheng et al., Xiang et al., and Ma et
al., respectively; AMLC = amnion-like cells; E/L-AM = early/late amnion). Scale bar is 100 µm.

analysis (Figure S3.3G). In contrast, comparison with the in vitro human amnion model (Zheng
et al., 2019), lacking TE cells, showed the closest correlation between gastruloid ExE-like cells
and hESC-derived amnion-like cells (AMLC; Figure 3.6D). Reconciling these results,
comparison with monkey embryos, which possess both TE and amnion, showed gastruloid ExElike cells had predicted labels for both TE (51%) and amnion (E-AM and L-AM2, 47%; Figure
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3.3J). Likewise, the ExE-like cluster exhibited close gene expression correlation to monkey TE
and amnion cells (Ma et al., 2019; Nakamura et al., 2016), and amniotic epithelium and
trophoblast cell types from 12 and 14 dpf in vitro human embryos (Xiang et al., 2019) (Figure
3.6D). Taken together, the ExE-like cluster likely contains both TE- and amnion-like cells, or an
ExE-like cell type with TE and amnion gene expression signatures.

3.3.10 BMP4-differentiated germ layer and ExE-like cells exhibit cell sorting
behaviors
During amphibian and fish gastrulation, upon leaving the blastopore (PS equivalent), cells
migrate to form distinct layers and organ rudiments. Cell sorting is thought to be a key driver of
these early morphogenetic cell behaviors (Fagotto, 2015; Krens and Heisenberg, 2011;
Winklbauer and Parent, 2017). Classic experiments of Holtfreter and colleagues revealed cell
sorting behaviors, where dissociated cells from amphibian gastrulae were able to aggregate into
the three germ layers in vitro (Townes and Holtfreter, 1955). Whether gastrulating mammalian
cells exhibit such sorting behaviors remains to be tested.
We set out to investigate whether human gastruloid cells undergo cell sorting in vitro. H1 hESC
gastruloids after 44h BMP4 treatment were dissociated into single cells. The resulting single cell
suspension was reseeded onto 500 µm-diameter ECM micro-discs at 72,000 cells/cm2 in mTeSR
alone (Figure 3.7A). Time-lapse analyses of re-seeded cultures revealed that many cells were
actively migrating on the ECM substrate and started to form aggregates by 15h (Figure S3.7A)
Immunostaining at 2h after reseeding revealed a random salt-and-pepper distribution of SOX2+,
T+, SOX17+, and CDX2+ cells (Figure 3.7B). By 24h, SOX2+, T+, SOX17+, and CDX2+ cells
tended to aggregate with cells expressing the same marker, suggesting the affinity to form
homogeneous aggregates with same cell types. This tendency was more pronounced by 48h. By
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Figure 3.7. BMP4-differentiated germ layer and ExE-like cells exhibit cell sorting behaviors. (A) Schema
of protocol for assaying cell sorting behaviors from dissociated gastruloids. (B, C, D) IF images of
indicated markers in reseeded gastruloid cells at indicated timepoints and indicated cell densities (dashed
lines indicate cellular aggregates). (E) UMAP showing the seven original gastruloid clusters in 48h postreseed cells. (F) UMAP displaying overlap of gastruloid and reseeded cells. (G) Dot plot showing
predicted cell type scores in reseeded clusters using the seven gastruloid clusters as reference. Scale bar is
100 µm.
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72h, while aggregation of SOX2+, T+, and SOX17+ cells was still observable, CDX2+ cells
mostly dominated individual microcolonies (Figures 3.7B, S3.7B and S3.7C). At higher reseeded
cell densities (143,000 cells/cm2 and 286,000 cells/cm2), we observed aggregation behavior
earlier, within 24h post-reseeding. However, cells reseeded at the highest density overpopulated
the culture discs and aggregation patterns were not as evident (Figures 3.7B–D). Moreover, IF
revealed a rapid loss of SOX2+ cells by 48h at the highest reseeded density, possibly due to
overcrowding of other cell types (Amoyel and Bach, 2014) (Figure S3.7C).
We further characterized cell sorting behaviors in dissociated gastruloids at medium reseeding
density (143,000 cells/cm2) since we observed aggregation behavior within 24h without
overcrowding. ScRNA-seq analysis of gastruloid cells reseeded at medium density for 48h (479
cells expressing 16,253 genes; Figure S3.2A) revealed the original seven gastruloid clusters
(Figure 3.7E). The reseeded cells also overlapped closely with gastruloid cells (Figure 3.7F),
arguing against significant changes in cell identities after reseeding. We noted 318 upregulated
and 537 downregulated genes (1.2% and 2%, respectively, of total number of genes) in reseeded
cells, but Gene Ontology analysis revealed that these genes are not associated with development
or differentiation (Figure S3.7D). Further suggesting that gene expression did not alter
significantly, reseeded clusters showed high gene expression correlation (Figure S3.7E), and
predicted cell type scores (Figure 3.7G) to corresponding gastruloid clusters. Thus, these data
argue against significant changes in cellular identity or gene expression between the reseeded
and the original gastruloid cultures. However, we noted changes in proportions of the seven cell
types (Figure S3.7F). Taken together, dissociated gastruloids, upon reseeding, maintained the
seven original cell types for 48h, and showed cellular aggregation behavior, a characteristic of
cell sorting capability.
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3.3.11 Selective cell sorting of reseeded gastruloid cells
In a typical gastrula, including human, germ layers are arranged so that mesoderm is sandwiched
between ectoderm and endoderm. Thus, ectoderm lies adjacent to mesoderm but is separated
from endoderm (Gilbert, 2010). Similarly, in BMP4-derived gastruloids, the mesoderm ring
separates ectoderm from endoderm (Warmflash et al., 2014) (Figure 3.1D). We used SOX2, T,
SOX17, and CDX2 to identify ectoderm, mesoderm, endoderm, and ExE-like cells, respectively,
in our reseeding studies. However, we noted that SOX17 expression was shared by Endoderm
and hPGCLC (Figures 3.4I and 3.5C). IF images of 48h reseeded cultures showed that SOX2+
cells tended to mix with T+ cells, with some cells overlapping on top of each other (Figures 3.8A,
S3.8A, and S3.8B), but segregated from SOX17+ cells (Figures 3.8B and S3.8A). Cosine
similarity analysis, quantifying the spatial overlap between pairs of cell types, showed
significantly higher cosine value between expression domains of SOX2 and T compared to that
between SOX2 and SOX17 at all cell densities by 48h (p < 0.0001; Figures 3.8C and S3.8E),
suggesting that ectodermal cells readily associate with mesodermal cells but segregate from
endodermal cells.
While cell sorting experiments have been performed in frog and fish gastrulae comprised of the
three germ layers (Davis et al., 1997; Klopper et al., 2010; Ninomiya and Winklbauer, 2008), it
is unclear whether ExE cells sort relative to embryonic cells. In our assay, CDX2+ ExE-like cells
readily mixed with T+ and SOX17+ cells, but tended to segregate from SOX2+ cells, as shown by
IF images (Figures 3.8A, 3.8B, and S3.8A) and significantly higher cosine value between
expression domains of T or SOX17 and CDX2 compared to that between SOX2 and CDX2
across all densities at all time-points (p < 0.0001; Figures 3.8C and S3.8E. Since SOX17
expression was shared by Endoderm and hPGCLC, we used FOXA2 and GATA6 to identify DE
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and PE, respectively. Similar to SOX17+ cells, FOXA2+ and GATA6+ cells tended to segregate
from SOX2+ ectodermal cells (Figure S3.8C), but associate with GATA3+ ExE-like cells (Figure
S3.8D). Taken together, these experiments reveal the ability of human germ layer and ExE-like
cells from dissociated gastruloids to sort in vitro relative to different cell types, and form discrete
germ layer and ExE aggregates.

Figure 3.8. Reseeded gastruloid cells exhibit selective cell sorting behaviors. (A, B) IF images of
indicated markers in 48h post-reseed cultures. (C) Cosine similarity analysis of expression domains
between pairs of indicated markers (*, **, ***, **** indicates p < 0.05, 0.01, 0.001, 0.0001, respectively,
one-way ANOVA with Tukey’s multiple comparisons test; error bars represent standard deviation; each
dot represents a pair of indicated markers in a reseeded colony; number of reseeded colonies used for
each indicated pair of markers shown below the chart). Scale bar is 100 µm.
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3.3.12 Reseeded gastruloid cells differentially express cell adhesion molecules
In cell sorting experiments, we used IF staining of SOX2, T, SOX17, and CDX2 to identify
ectoderm, mesoderm, endoderm, and ExE-like cells, respectively. To correlate sorting behaviors
observed in these studies with scRNA-seq data, we combined clusters with strong expression of
SOX2 (EPI-like and Ectoderm), T (Mesoderm-1 and -2), SOX17 (Endoderm and hPGCLC), and
CDX2 (ExE-like), termed reEcto, reMeso, reEndo, and reExE, respectively (Figures S3.8F and
S3.8G). We first asked whether differential adhesion could be responsible for aggregation of
same cell types by investigating expression of cell adhesion components. Interestingly, SOX17+
reEndo cluster exhibited the highest expression of genes encoding classical cadherins that
promote cell adhesion via homophilic and heterophilic interactions (CDH1, CDH2, CDH3),
protocadherin PCDH1, and EPCAM (> 2-fold over other clusters) (Takeichi, 1990). PCDH10
expression was enriched in reEndo and reMeso clusters (> 2-fold over other clusters). In contrast,
CDH11 was enriched in reEcto, reMeso, and reExE clusters (> 2-fold over reEndo cluster), while
PCDH7 was enriched in reEcto and reExE clusters (> 2-fold over other clusters) (Figure S3.8H).
Future studies will test whether differential expression of these adhesion molecules underlies the
formation of discrete aggregates by reseeded gastruloid cells.

3.3.13 Reseeded cells express Ephrin-Eph interacting pairs
Ephrin/Eph signaling has been shown to underlie cell sorting or tissue separation in germ layers
of Xenopus gastrulae (Fagotto et al., 2013; Rohani et al., 2011). We used CellPhoneDB
(Efremova et al., 2020), which predicts ligand-receptor interactions between pairs of cell types
using published datasets. Based on gene expression, CellPhoneDB predicted multiple
Ephrin/Eph interacting pairs (Figures S3.8I and S3.8J), implying a potential role of the
Ephrin/Eph pathway in the selective cell sorting behaviors of reseeded gastruloid cells. We found
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strong predicted interactions from reEndo to reEcto (EPHB6àEFNB3, EPHB6àEFNB2,
EPHB3àEFNB3), and from reEcto to reEndo (EFNB2àEPHB4/EPHB3/EPHA4), implicating
these interactions in the segregation behavior observed between reseeded SOX2+ reEcto and
SOX17+ reEndo cells (Figure 3.8). Moreover, we found high predicted interactions from CDX2+
reExE to SOX2+ reEcto (EPHB2àEFNB1/EFNB2), two cell types which tended to segregate in
reseeded cultures (Figure 3.8). Overall, our experiments revealed that gastruloid cells, when
dissociated and reseeded, exhibit cell sorting behavior, which may be explained by a
combination of differential cell adhesion and Ephrin/Eph signaling.

3.4 Discussion
Human gastrulation remains unstudied due to ethical and experimental limitations. However,
forward and reverse genetics studies in research animals provide deep insights into germ layer
induction, patterning, and morphogenesis that inform hESC-based experimental platforms to
study aspects of human gastrulation (Rossant and Tam, 2016; Shahbazi and Zernicka-Goetz,
2018; Simunovic and Brivanlou, 2017; Taniguchi et al., 2019). This work adopts and extends the
micropatterned gastruloid system established by Brivanlou and collaborators (Warmflash et al.,
2014). Our results corroborate that BMP4 treatment of hESCs on ECM micro-discs reproducibly
generates radially-arranged cellular rings that resemble the three germ layers and ExE cells
(Warmflash et al., 2014). Unbiased computational analyses of the scRNA-seq data from 72
gastruloids (2,475 cells expressing 23,271 genes) reveal a higher cellular complexity of
gastruloids that encompasses seven cell types: EPI-like, Ectoderm, Mesoderm-1, -2, Endoderm,
hPGCLC, and ExE-like, and their transcriptomes. Using canonical markers, cross-species
analyses, and comparison with datasets from hESC-differentiated cell types, we report
characteristics previously undescribed in hESC gastruloids, such as the presence of transitional
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cell state in mesoderm, PE and DE signatures, as well as primate-specific hPGCLC and ExE-like
cells with TE and amnion signatures (Figure 3.9A). Furthermore, we show that upon gastruloid
dissociation, the resulting single cells exhibited cell sorting capabilities when reseeded in vitro
(Figure 3.9B), similar to germ layer cells in frog and fish embryos.
During embryogenesis, gene expression is dynamic and changes temporally along the
developmental timeline (Niu et al., 2019). Defining the developmental stage of the hESC
gastruloid is crucial for determining cell types generated and its ability to model human
gastrulation. We showed that gastruloids correspond closest to E7.0 mouse (Pijuan-Sala et al.,
2019) and 16 dpf cynomolgus monkey (Ma et al., 2019) gastrulae based on predicted cell stage
scores, gene expression correlation, and predicted cell type composition (Figures 3.3E, S3.3A
and S3.3B). Moreover, the majority of gastruloid cells was predicted to correspond to E7.0–7.5
in mouse (92%) and 14–17 dpf in monkey (83%; Figures 3.3C–D). Together with the prominent
representation of post-implantation EPI and PS-like cell types in the gastruloids (Figures 3.3I–J),
these analyses suggest that hESC gastruloids can model early-mid stages of human gastrulation,
likely corresponding to 6-7 Carnegie stages of human embryos (O’Rahilly and Müller, 1987).
Towards better understanding of monkey gastrulating cell types (Nakamura et al., 2016), which
are not as well-defined as in mouse (Peng et al., 2019), we performed interspecies comparison
using published datasets (Ma et al., 2019; Pijuan-Sala et al., 2019) (Figures S3.3E–H). Few
monkey cells were predicted to correspond to mouse ectodermal derivatives or DE, suggesting
that the three germ layers have not fully developed by 17 dpf in the in vitro cultured monkey
embryos. Nonetheless, we found similarities between EPI cell types, gastrulating cells (E-Gast
and L-Gast1/2) to mouse PS and mesoderm, VE/YE to mouse ExE Endoderm, and TE to mouse
ExE Ectoderm, suggesting conservation in the formation of these cell types. However, monkey
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E-PGCs were primarily predicted to correspond to mouse EPI, PS, and nascent mesoderm than
PGC, reflecting species differences in PGC formation (Tan and Tee, 2019).
Figure 3.9. BMP4-differentiated
gastruloids generate primaterelevant gastrulation cell types
that show cell sorting behaviors
when dissociated and reseeded in
single cell mixture. (A) IF and
scRNA-seq analyses identify
seven major cell types relevant
during primate gastrulation. (B)
Gastruloids dissociated into single
cells and reseeded onto
micropatterns show cell sorting
behaviors.

Interspecies comparison with hESC gastruloids allowed us to compare gastruloid clusters
identified through canonical markers with mouse and cynomolgus monkey gastrulae cell types
based on transcriptomes. We identified EPI-like cluster resembling post-implantation epiblast in
mouse, monkey, and human (Figures 3.3I–J and 3.4A), and Ectoderm cluster expressing both
nonneural and neural ectoderm markers enriched in mouse gastrulae (Pijuan-Sala et al., 2019)
(Figure 3.4D). The gastruloid Mesoderm-1 and -2 resemble mouse PS and nascent mesoderm,
and monkey gastrulating cells (Figures 3.3I–J). In monkey, two late gastrulating populations
were reported, L-Gast1 and L-Gast2, enriched in gastrulating signatures and mesoderm
development signatures, respectively (Ma et al., 2019). Indeed, comparison analysis between
mouse and monkey showed higher proportion of monkey cells in L-Gast1 and L-Gast2
corresponding to mouse PS and nascent mesoderm, respectively (Figure S3.3G). Likewise,
higher proportion of gastruloid Mesoderm-1 and -2 cells were predicted to correspond to monkey
L-Gast1 and L-Gast2, respectively (Figure 3.3J). Moreover, pseudotime placed Mesoderm-2
after Mesoderm-1 (Figure 3.4B), suggesting that hESC gastruloids model conserved aspects of
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mesoderm formation. Demonstrating that this system can also uncover primate-specific
molecular mechanisms, we found a shared FGF8lowFGF17high signature in gastruloid
mesodermal and monkey gastrulating cells, but not in mouse (Figure S3.4G), where FGF8 is
required for cell migration during gastrulation (Sun et al., 1999). As more scRNA-seq datasets
and tools emerge, similarities and differences between human and animal gastrulation can be
further investigated.
Early gastrulation stages are marked by the formation of PS, and in its anterior region, of the
‘organizer’, a conserved signaling center which contributes to axis induction and germ layer
patterning in vertebrates (De Robertis et al., 2000; Spemann and Mangold, 2001). Organizer
formation and its functional competence has been reported in micropatterned differentiation
using WNT and ACTIVIN but not with BMP4 (Martyn et al., 2018). Interestingly, in BMP4treated gastruloids, our scRNA-seq data showed that Mesoderm-1 and -2 expressed GSC,
organizer-specific transcription factor (Figure S3.4E). Whether these GSC+ cells have similar
functional competence to their counterparts formed in WNT and ACTIVIN treatment remains to
be tested.
The gastruloid Endoderm cluster may represent precursors of primitive and DE. Fate mapping of
mouse EPI showed that DE originates from anterior PS, then intercalates with ExE endoderm
(Kwon et al., 2008; Lawson et al., 1991). Comparison with the gastrulating mouse dataset
predicted gastruloid Endoderm cells corresponding to both DE and anterior PS (Figure 3.3I),
suggesting similarity in the DE formation in human and mouse. However, some gastruloid
Endoderm cells were also predicted to correspond to ExE endoderm cells in both mouse and
monkey (Figures 3.3I–J). The distinction between PE (or ExE) and DE in gastruloids is currently
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unclear, likely due to transcriptional similarity between these two cell types, as reported in
mouse (Nowotschin et al., 2019).
Surprisingly, we found some cells in gastruloid Ectoderm, Mesoderm-2, and Endoderm predicted
as monkey EXMC. This warrants further investigation but the analysis was likely confounded by
a relatively large number of EXMC cells in the monkey dataset (Ma et al., 2019); there is
significantly more EXMC than gastrulating cells (68% vs. 0.004%) in the 17 dpf dataset (Figure
S3.3B). Monkey EXMC is also transcriptionally similar to epiblast and gastrulating cells (Niu et
al., 2019), which may explain why our analysis predicted some gastruloid germ layer cells as
monkey EXMC. However, we acknowledge the possibility of EXMC-like cells arising in the
gastruloid system.
Deep transcriptomic profiling of gastruloid cells and interspecies comparison also revealed
previously undescribed human-specific features of hESC gastruloids, namely the presence of
hPGCLCs, and amnion-like ExE cells. The gastruloid hPGCLC cluster, enriched in
human/primate PGC markers, NANOS3, SOX17, TFAP2C, PRDM1, and NANOG (Chen et al.,
2019; Sasaki et al., 2016), showed strong correspondence to monkey PGCs (Figure 3.3J), and
hESC-derived hPGCLCs in 2D (Chen et al., 2019) and 3D (Zheng et al., 2019) culture
conditions (Figure 3.5D). However, we did not find similarities with mouse PGCs, likely
reflecting known differences in PGC formation between mouse and human (Tan and Tee, 2019).
Additionally, CDX2+ gastruloid cells were first reported as presumptive TE (Warmflash et al.,
2014), but recently suggested to instead resemble mouse ExE mesoderm (Martyn et al., 2019).
Our analysis indicated transcriptional similarity of these ExE-like cells to TE and amnion of in
vitro cultured monkey and human embryos (Figures 3.3J and 3.6D), as well as mouse ExE
ectoderm, a derivative of polar TE, but not to mouse ExE mesoderm (Figure 3.3I). Despite
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transcriptional similarity to mouse ExE ectoderm, gastruloid ExE-like cells expressed little
EOMES (Figure 3.2C), a factor required for mouse TE but absent in human TE (Shahbazi and
Zernicka-Goetz, 2018). These findings suggest that micropatterned gastruloid platform captures
species-specific features in the formation of TE-like cells. IF studies using TE and amnion
markers showed heterogeneity of this cluster, as indicated by the presence of
GATA3highTFAP2Alow and GATA3lowTFAP2Ahigh cells (Figure 3.6B). We interpret these data to
indicate that the outermost gastruloid ring contains precursors of TE-like and amnion-like cells,
is a mix of both cell types, or represents a cell type that does not exist in vivo.
Notably, BMP4 treatment of hESCs within a short period of time (2 to 4 days) results in diverse
cell fates in 2D micropatterns (Figure 3.2), disorganized 3D aggregates (Chen et al., 2019), or
controlled 3D microfluidic cultures (Zheng et al., 2019). It is particularly intriguing that BMP4
co-induces hPGCLC and amnion-like cells in these in vitro systems, given that current
cynomolgus monkey studies posit induction of PGCs in amnion by BMP4, along with WNT3A
(Sasaki et al., 2016). However, in porcine embryos with post-implantation bilaminar disc
morphology similar to human and monkey, PGCs reportedly arise in posterior EPI (Kobayashi et
al., 2017). Since some SOX17+TFAP2C+ gastruloid hPGCLCs co-expressed amnion marker
TFAP2A at protein and RNA levels (Figures S3.5D and S3.5E), it will be of interest to test
whether hPGCLCs arise from the amnion-like ExE cells in the gastruloid system. Highlighting
the conserved role of BMP4 in PGC induction in mammals, BMP4 signaling from ExE ectoderm
to EPI cells was recognized as an instructive signal toward PGC fates in mouse (Lawson et al.,
1999). Interestingly, however, the micropatterned differentiation of mouse pluripotent stem cells
did not appear to form PGC-like cells (Morgani et al., 2018). Future comparisons of
micropatterned cultures between human and mouse pluripotent stem cells should facilitate
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comparative studies of signaling responses and gene regulatory networks between species in
controlled and comparable culture conditions (Chhabra et al., 2019; Morgani et al., 2018).
During gastrulation, specification of germ layers is followed by their morphogenesis to establish
the body plan and organ rudiments, entailing not only cell movements and rearrangements but
also segregation of distinct germ layers or cell types (Fagotto, 2014). While gastruloid
differentiation results in radial domains of SOX2, T, SOX17, and CDX2 expression, we did not
observe sharp morphologic boundaries between these domains, with the exception in the external
edge. This sharp boundary of epithelial cells was implicated in the apical enrichment of TGFß
receptors and edge-sensing of BMP4 signaling in gastruloids (Etoc et al., 2016). However,
between the gastruloid cellular rings, we observed irregular interfaces and overlap (Figures 3.1B
and 3.1C). The absence of such inter-tissue boundaries in gastruloids is likely explained by the
observations that gastruloids correspond to early-mid stage of gastrulation, and have a 2Darchitecture.
Cell sorting behaviors have been classically described in frog and fish embryos, where single
cells from dissociated gastrulae were allowed to interact in suspension in vitro (Krens and
Heisenberg, 2011; Townes and Holtfreter, 1955). Mouse and human ESCs have remarkable selforganization capacity into blastocyst-like structures (Shahbazi et al., 2019). However, it is
unknown whether mammalian, including human germ layer and ExE cells, can undergo cell
sorting in vitro. To this end, we showed that human gastruloids, when dissociated and reseeded
as single cells onto the ECM discs, exhibited migratory and sorting behaviors reminiscent of
those reported for amphibians and fish. Specifically, reseeded gastruloid cells were motile, and
expressed SOX2, T, SOX17, and CDX2 as the original gastruloids. Further supporting that the
dissociated gastruloid cells have not changed upon reseeding, the seven reseeded cell clusters
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maintained transcriptional similarity to their counterparts in gastruloids (Figures 3.7E–G and
S3.7D–F). Visual inspection and unbiased cosine similarity analysis of IF images indicated that
cells showed selective association with and/or avoidance of distinct cell types (Figure 3.8).
Ectodermal cells associated more readily with mesodermal cells than endodermal cells, similar to
spatial arrangement in gastruloids and the conserved germ layer arrangement in vivo, where
ectoderm lies adjacent to mesoderm but is separated from endoderm. ExE-like CDX2+ cells
tended to associate with mesendodermal cells but segregate from ectodermal cells. However, like
in the intact gastruloids, we have not observed sharp boundaries between the distinct cell
aggregates, although some mixing barriers likely exist. Furthermore, we did not observe an
engulfment of ectoderm by mesoderm or endoderm, as reported in 3D aggregates or tissue
explant cultures (Krieg et al., 2008; Schötz et al., 2008), likely explained by 2D conditions in our
sorting assay. However, overall, our results indicate that human gastruloid cells have the ability
to undergo sorting, motivating future exploration of their self-organization potential.
Three main models – differential adhesion, differential cortical tension, and contact inhibition –
have been proposed to explain cell sorting (Fagotto, 2015). Our gene expression analysis
suggests that cadherins may be involved in the sorting of dissociated gastruloid cells through
homophilic and/or heterophilic adhesion, as indicated by the expression of specific cadherins in
different cell types (Figure S3.8H). Complementary expression of Ephrins and Eph receptors in
the segregating cell clusters suggested the involvement of contact inhibition cues. Receptorligand interaction analysis indicated multiple plausible Ephrin-Eph interactions within the same
cell type as well as across different cell types (Figures S3.8I and S3.8J), consistent with findings
in animal embryonic cells where multiple ligands and receptors are expressed, and form complex
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functional interactions across tissues (Fagotto, 2015; Fagotto et al., 2014). Future experiments
will investigate these possibilities.
Our work provides a rich resource for transcriptomic signatures of human germ layers and ExE
cell types at early-mid gastrula stage, differentiated in vitro in a stereotyped arrangement. This
resource can be applied in the studies of the cellular and molecular mechanisms of human
gastrulation, and can be used to identify candidate markers for different cell types in human
gastrulae. This gastruloid system lacks some cell types found in mouse gastrula, such as ExE
mesoderm. However, we found amnion- and PGC-like cells, which are transcriptionally similar
to cynomolgus monkey gastrulae (Ma et al., 2019). Thus, our work underscores the utility of this
micropatterned hESC culture to investigate aspects of human development (Siggia and
Warmflash, 2018; Simunovic and Brivanlou, 2017), but also the significance of studying human
and nonhuman primate embryos in vivo and cultured in vitro (Deglincerti et al., 2016a; Ma et al.,
2019; Nakamura et al., 2016; Niu et al., 2019; Shahbazi et al., 2016; Xiang et al., 2019) to
provide a critical reference for interpreting in vitro embryogenesis models. It is tempting to
speculate that BMP4 treatment of hESCs in simple micropatterned cultures, resulting in the
formation of cells resembling amnion, TE, PGC, and the three germ layers, recapitulates speciesspecific and evolutionarily conserved inductive processes. Future studies involving gene
expression profiles over the course of gastruloid formation will allow mapping and comparison
of the human developmental timeline and dynamic gene regulatory networks with animal
gastrulae. Such studies will help delineate the similarities and differences between molecular
mechanisms and signaling pathways underlying gastrulation in human and animal models, and in
generating experimental platforms for understanding the pathologies of human embryogenesis.
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3.5 Materials and methods
3.5.1 PDMS stamp fabrication
Standard photolithography methods were used to fabricate the Master, which was used as a
template in molding stamps for micro-contactprinting (Alom Ruiz and Chen, 2007; Théry and
Piel, 2009). Briefly, the silicon wafer was cleaned by dipping in hydrogen fluoride solution for 1
min and rinsing with water twice. A thin layer of photoresist, SU-8 3000 (Kayaku Advanced
Materials, Westborough, MA) was then spin-coated on the wafer at 500 rpm for 10 sec, followed
by 3,000 rpm for 30 sec. The wafer with spin-coated photoresist layer was baked at 65°C for 5
min and 95°C for 15 min. The optical mask with desired features was placed in contact with
photoresist layer and illuminated with the UV light at 150–250 mJ/cm2 at 350–400 nm. The
photoresist layer was then baked at 65°C for 5 min and 95°C for 10 min. Subsequently, the
photoresist was developed in developer solution for 5 min. The photoresist Master was then
coated with a layer of chlorotrimethylsilane in the vacuum for 30 min. Polydimethylsiloxane
(PDMS) and its curing agent, Sylgard 184, (Dow Corning, Midland, MI) in 10:1 ratio were
mixed, degassed, poured over the top of Master, and cured at 60oC overnight, after which the
PDMS layer was peeled off to be used as a stamp in micro-contactprinting.

3.5.2 Microcontact printing
PDMS stamps (approximately 1 cm x 1 cm) were sterilized by washing in ethanol solution and
dried in a laminar flow hood. The stamps were treated with O2 plasma at 100–150 microns for 2
min. Growth factor reduced Matrigel (Corning, Corning, NY) was diluted in DMEM/F-12
(Gibco, Waltham, MA) at 1:20 dilution and incubated on the stamps to cover the entire surface
of the feature side at room temperature for 45 min. Matrigel solution was then aspirated off the
stamps, which were air-dried. Using tweezers, Matrigel-coated surface of stamps were brought in
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contact with glass or plastic substrate for 2 min, ensuring conformal contact between features
and substrate. The stamps were then removed and rinsed in ethanol for future uses. Matrigelprinted substrates were incubated with 0.1% PluronicTM F-68 (Gibco) in DPBS-/- at room
temperature for 1 h. In some experiments, we skipped incubation with Pluronic F-68, and did not
observe a difference in cell attachment. Finally, the substrates were washed with DPBS-/- for 4
times. Matrigel-printed substrates were stored in DPBS-/- solution at 4°C for up to 2 weeks.

3.5.3 Cell seeding protocol
Two human embryonic stem cell lines were used in this study: H1 and H9 (WiCell, Madison,
WI). Both cell lines were routinely cultured on six-well plates coated with growth factor reduced
Matrigel in mTeSR media (Stemcell Technologies, Vancouver, Canada) with daily media
replacement. The cells were passaged at 80% confluence using Gentle Cell Dissociation Reagent
(Stemcell Technologies) per manufacturer’s protocol. Both cell lines were cultured at 37°C and
5% CO2.
For gastruloid differentiation, we adapted the protocol developed by Warmflash et al.
(Warmflash et al., 2014). H1 and H9 cells at 80% confluence were collected by Accutase (Sigma
Aldrich, St. Louis, MO) incubation at 37°C and 5% CO2 for 8 min, after which equal volume of
RPMI medium 1640 (Life Technologies, Carlsbad, CA) was added. The cell solution was
centrifuged at 300 rcf (relative centrifugal force) for 5min, after which the supernatant was
removed. A single cell suspension was then generated with fresh mTeSR. Cells were counted
using Countess II Automated Cell Counter (Life Technologies) per manufacturer's instructions
and seeded onto the micropattern at 132,000–263,000 cells/cm2 in mTeSR with 10 μM Rhoassociated kinase inhibitor (ROCKi Y-27632, Millipore Sigma, Burlington, MA). After 6h,
medium containing ROCKi was replaced with mTeSR. The cells were cultured at this stage for
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2h, after which the medium was replaced with mTeSR containing 50 ng/mL BMP4 (R&D
Systems, Minneapolis, MN) for 42–48h.
For cell sorting experiments, gastruloids that have been treated with BMP4 for 44h were
collected by Accutase incubation at 37°C and 5% CO2 for 10min, after which an equal volume of
RPMI medium 1640 was added. A single cell suspension was generated by gently pipetting the
cell suspension for 5 times. The cell suspension was centrifuged at 300 rcf for 5min, after which
the supernatant was removed. A single cell suspension was then generated with fresh mTeSR.
Cells were then counted and seeded onto fresh micropattern at 72,000 cells/cm2,143,000
cells/cm2, or 286,000 cells/cm2 in mTeSR with 10μM ROCKi Y-27632. After 4h, medium
containing ROCKi was replaced with mTeSR. mTeSR was replaced daily to wash away
unattached cells.

3.5.4 Immunocytochemistry
Cells were rinsed once with PBS, fixed in 4% paraformaldehyde for 30 min, and rinsed twice
with PBS at room temperature. Blocking solution was made with 0.1% Triton-X and 3% Normal
Donkey Serum (Jackson Immunoresearch, West Grove, PA) in PBS and washing solution was
made with 0.1% Tween-20 in PBS. Fixed cells were incubated in blocking solution for 30 min at
room temperature before incubation with primary antibodies in blocking solution at 4°C
overnight. Cells were then washed 3 times in washing solution before being incubated with
secondary antibodies and DAPI at 4 μg/mL (Invitrogen, Carlsbad, CA) in blocking solution for 1
h. Finally, cells were washed 3 times in washing solution and stored in PBS or mounted with
coverslips using Vectashield Antifade Mounting Medium (Vector Laboratories, Burlingame,
CA).
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3.5.5 Microscopy and visualization of fluorescence images
All confocal images were acquired on Olympus IX81 Inverted Spinning Disk Confocal
Microscope with 10X or 20X lenses. Z-stack images of ~150 µm thick were acquired in four
channels corresponding to DAPI, Alexa 488, Alexa 555, and Alexa 647 conjugated antibodies.
Each z-stack was projected into a single image for all channels prior to analysis. Fiji software
(Schindelin et al., 2012) and its plugin ClearVolume (Royer et al., 2015) were used to visualize
images.

3.5.6 Quantification of fluorescence intensity
Fiji (Schindelin et al., 2012) was used to process and analyze fluorescent microscopic images.
We first created masks for each fluorescent image. We then used Concentric Circles plugin to
overlay 20 equally spaced concentric circles on the image of gastruloid. We measured the
average fluorescence intensity along the circumference of each concentric circle. We normalized
the fluorescence intensity of each marker of interest to that of DAPI, resulting in normalized
average fluorescence intensity value of each marker along 20 different radii of every gastruloid
colony. Finally, these values were averaged for multiple colonies per marker and presented.

3.5.7 Density map-based cell counting and cosine similarity analysis
We estimated the number of cells expressing each marker in a given fluorescence image by first
estimating the marker’s corresponding density map, which represents the expected spatial
distribution of the number of cells over pixels in the fluorescence image acquired for the marker.
Individual 2D fluorescence images were converted into 2D density maps, where the density
value of a pixel is the expected number of cells at that pixel in the corresponding image. The
density map of a given image , was estimated by use of deeply-supervised fully convolutional
neural network (FCNN) models (He et al., 2019) that perform an end-to-end mapping from to
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the desired density map, . The FCNN model was learned by use of a set of training data, each of
which contains an annotated image and the associated ground-truth density maps. Here, each
image was manually annotated by identifying the locations of centroids of cells expressing
markers of interest. The ground-truth density map of each image was generated based on the
annotated centroids by use of methods introduced in previous works (He et al., 2019).
Specifically, 5 FCNN models, each representing SOX2, CDX2, SOX17, DAPI, and T, were
separately trained and developed with corresponding annotated images. In each FCNN model, 7
annotated images with 512×512 pixels were employed as the training images for the FCNN
model training, and 3 annotated images were employed to validate select values of parameters in
the FCNN models.
Interpreting the density map of an image as the expected spatial distribution of the number of
cells over all pixels, the total number of cells in the image is calculated by summing up all the
densities on the map:
#

𝐶= $

!$%

$

#
"$%

𝑌!"

where is the estimated density value of the location in the corresponding image. Density map
generation or cell counting for CDH2 and GATA3 was performed with FCNN model trained
with DAPI and CDX2, respectively.
Representing the density maps corresponding to two cell distributions as and , the spatial overlap
between the two cell populations is measured based on the density maps using cosine similarity
value (cosine value):
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Cosine values ranged from 0 to 1, with 1 representing a complete overlap between expression
patterns of two markers, whereas 0 representing no overlap. Intuitively, the cosine value based
on density maps is a straightforward way to measure the spatial overlap between two cell
populations (cells expressing two markers of interest). According to the definition above, pixels
where both of the two cell populations have higher number of cells contribute more to the global
overlap; the pixels where only one of the two or neither of them have higher densities may
contribute less to the global overlap; when two cell populations have larger amount of cells, but
relatively less amount of overlapped pixels, the global overlap is small.

3.5.8 scRNA-seq and data analysis
Cells were collected by Accutase incubation at 37°C and 5% CO2 for 10 min. Cell clumps were
further broken up into single cells by gently pipetting the cell solution 5 times, after which equal
volume of RPMI medium 1640 was added. The cell suspension was centrifuged at 300 rcf for 5
min, after which the supernatant was removed. A single cell suspension was then generated with
cold DPBS-/-. Cells were then counted and resuspended at 20,000 cells per 200 µL of cold
DPBS-/- in centrifuge tubes. For each cell suspension, 800 µL of cold methanol was added
dropwise. The final cell suspension was incubated on ice for 15 min and kept at -80°C until use.
To prepare single-cell library, 10x Chromium Single Cell 3’ Library & Gel Bead Kit v2,
Chromium Single Cell 3’ Chip Kit v2, and Chromium i7 Multiplex Kit (10X Genomics,
Pleasanton, CA) were used according to the manufacturer’s instructions. cDNA libraries were
then quantified on the Agilent TapeStation (Agilent Scientific Instruments, Santa Clara, CA) and
sequenced on Illumina HiSeq 2500 (Illumina, San Diego, CA).
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The Cell Ranger v.2.1.0 pipeline was used to align reads to the hg19.transgenes genome build
and generate a digital gene expression matrix. The Seurat package (v.3.0.2) was used for further
data processing and visualization. Default settings were used unless noted otherwise. For
gastruloid dataset, cells with a low or high number of genes detected (Replicate 1: ≤ 200 or
≥ 7,500; Replicate 2: ≤ 200 or ≥ 6,000) and cells with high total mitochondrial gene expression
(Replicate 1: ≥ 3%; Replicate 2: ≥ 2.5%) were removed from further analysis. Consequently, we
selected 1,722 cells (out of 1,989) and 753 cells (out of 823) from Replicate 1 and Replicate 2,
respectively, that passed quality control for further analysis. For 48h-reseed cultures, cells with
≤ 200 or ≥ 6,000 genes detected and mitochondrial gene expression ≥ 2% were excluded,
resulting in the selection of 479 out of 584 cells for further analysis. After normalizing and
scaling the filtered expression matrix to remove unwanted sources of variation driven by
mitochondrial gene expression, the number of detected UMIs, and the cell cycle, principal
component analysis was performed in Seurat.
The two replicates for gastruloids were integrated using canonical correlation analysis based on
‘between-dataset anchors’ identified by Seurat, and the top 2,000 highly variably expressed
genes (HVGs) were included for the integrated expression matrix. Cell clusters were then
identified by the Louvain community detection method using a shared nearest neighbor (SNN)
resolution at 0.4 as implemented in the Seurat FindClusters function. Nonlinear dimensionality
reduction by UMAP was performed on the first 15 principal components using the
implementation by Seurat. We manually annotated each cluster based on known markers.
Differentially expressed genes (DEG) for each cluster were identified by using FindAllMarkers
with threshold settings of 0.25 log fold-change and 25% detection rate. Average gene expression
correlations between two gastruloid replicates were calculated using Spearman correlation on the
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basis of all 23,271 genes. Gene Ontology analysis was performed using Enrichr web tool (Chen
et al., 2013).
Diffusion maps for single cells were calculated based on the normalized and scaled gene
expression data matrix using the R Bioconductor destiny package (Angerer et al., 2016), with a
number of k-nearest neighbors, knn = 40, and a Gaussian kernel width, sigma = 8, slightly lower
than the optimal value of sigma estimated by destiny. A probabilistic breadth-first search of the
k-nearest neighbor graph was performed and the results of this search were converted into a
pseudotime as implemented by the URD method (Farrell et al., 2018). The average cell-to-cell
transition probabilities between cell types was calculated using destiny and presented in a
heatmap.
Module score was calculated using AddModuleScore function in Seurat using default settings.
This function calculates average expression of a given set of marker genes, subtracted by that of
a set of randomly chosen genes (Tirosh et al., 2016).
Datasets used for comparison analyses with gastruloids include gastrulating mouse embryos
(Pijuan-Sala et al., 2019), post-implantation primate cynomolgus monkey embryos (Ma et al.,
2019; Nakamura et al., 2016), in vitro cultured 6–12 dpf human embryos (Lv et al., 2019; Xiang
et al., 2019), and hESC-differentiated cell types (Chen et al., 2019; Chu et al., 2016; Loh et al.,
2016; Lu et al., 2018; Zheng et al., 2019). Each dataset was normalized, scaled, and processed
using Seurat. Average gene expression correlations between gastruloid clusters and reference cell
types were calculated using Spearman correlation on the basis of shared HVGs between
gastruloids and each reference data, and presented in heatmaps. For interspecies comparison with
gastrulating mouse (Pijuan-Sala et al., 2019) and post-implantation monkey embryos (Ma et al.,
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2019), each dataset was integrated with human gastruloid object applying Seurat anchor-based
integration method. Cell type labels from mouse or monkey were transferred to human gastruloid
cells using FindTranferAnchors and TransferData functions, resulting in each gastruloid cell with
prediction scores for multiple mouse or monkey cell types. We defined a gastruloid cell as a
predicted mouse or monkey cell type with the highest prediction score. Similar analyses were
used to predict mouse or monkey cell stages in gastruloid cells.
Reseed data was integrated with two replicates of gastruloids using Seurat. FindTransferAnchors
and TransferData functions were used to annotate reseed cells using gastruloid data as the
reference. Predicted cell type scores were calculated with Seurat, which identified nearest
neighbors across gastruloid and reseed dataset, and assigned weighted score on each reseed cell
based on the 7 annotated gastruloid clusters (Stuart et al., 2019). CellPhoneDB (v.2.1.1)
(Efremova et al., 2020), a python package, was used to investigate directionality and cross-talks
of interaction between pairs of cell types.

3.5.9 Statistical analysis
Graphpad Prism 8 software was used to perform statistical analyses: one-way ANOVA with
Tukey’s multiple comparisons test, or unpaired nonparametric Mann-Whitney test, as
appropriate and described in figure legends.
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3.6 Supplemental Figures

Figure S3.1. Supplemental information related to Figure 3.1. (A) Schematic of protocol for fabricating
PDMS (Poly-dimethylsiloxane) stamp used in microcontact printing. (B) An image of a typical stamp
used in microcontact printing with a ruler and one-inch mark for scale. (C) Schematic of protocol for
Matrigel discs microcontact printing using PDMS stamp. (D) Protocol for BMP4-induced gastruloid
differentiation. (E) IF images of germ layer and TE markers in H9 hESC micropatterned gastruloid
differentiation. Scale bar is 100 µm.
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Figure S3.2. Supplemental information related to Figure 3.2. (A) Selected parameters of scRNA-seq
analysis. (B) Bar plot indicating relative proportion of cells in each cluster of replicate 1 and 2. (C)
Heatmap showing correlation of average expression of 23,271 total genes between scRNA-seq clusters
from replicate 1 and 2. (D) UMAP showing overlap of cells from replicate 1 and 2. (E) UMAP
presenting expression of four markers used in IF staining in replicate 1 and 2. (F) Dot plot showing
expression of canonical markers of ectoderm, epiblast, mesoderm, endoderm, PGC, TE, and amnion in
the seven gastruloid clusters in replicate 1 and 2 (PGC = Primordial Germ Cell; TE = Trophectoderm).
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Figure S3.3. Supplemental information related to Figure 3.3. (A, B) Bar plots showing cellular
composition of mouse (A) and cynomolgus monkey (B) embryos at indicated stages, and gastruloids with
predicted cell types (each color bar represents a cell type). (C, D) Dot plots showing predicted mouse (C)
and cynomolgus monkey (D) cell types and stages in each cluster of gastruloid replicate 1 and replicate 2.
(E) Violin plot showing predicted score of mouse development stages in 16 dpf cynomolgus monkey cells
(**** indicates p < 0.0001, using one-way ANOVA with Tukey’s multiple comparisons test; dash lines
indicate 1st, 2nd, and 3rd quartiles). (F) Correlation of average expression of top 500 shared highly
variable genes between indicated mouse and cynomolgus monkey developmental stages. (G) Dot plot
showing predicted mouse cell types and stages in cynomolgus monkey cell types. (H) Heatmap of average
gene expression correlation between gastruloids and cynomolgus monkey embryos from a separate study.
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Figure S3.4. Supplemental information related to Figure 3.4. (A) 3D plot showing gastruloid clusters in
the first three diffusion coordinates (arrow lines indicate plausible differentiation trajectories). (B) Chart
illustrating proportion of cells from all gastruloid clusters along the pseudotime. (C) UMAP plot showing
all gastruloid clusters overlaid with transition probabilities (each line indicates transition probability
between pairs of cells; 10,000 highest cell-to-cell transition probabilities shown). (D) Violin Plot showing
expression of indicated mesoderm markers in the gastruloid Mesoderm-1 and Mesoderm-2 clusters (****
indicates p < 0.0001 using Mann-Whitney test). (E) Violin plot showing expression of indicated markers
for organizer cells in gastruloids. (F) Violin plots showing expression of WNT, NODAL, and FGF
pathway components in the gastruloid Mesoderm-1 and Mesoderm-2 clusters. (G) Violin plots showing
expression of FGF8 and FGF17 in the gastruloid Mesoderm-1 and Mesoderm-2 clusters, monkey
gastrulating cells, and mouse primitive streak and mesoderm cells (E/L-Gast = early/late gastrulating).
(H) Overlap of CDH2 expression with T and SOX17 expression in gastruloids (N = 2, 5, 6, 1, 5
experiments; n = 63, 84, 71, 21, 63 gastruloids, respectively for SOX2, T, SOX17, GATA3, CDH2;
fluorescence intensity of each marker is normalized against that of DAPI for each gastruloid along the
radius and average normalized value of all gastruloids is shown; error bars represent S.E.M.).
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Figure S3.5. Supplemental information related to Figure 3.5. (A) Heatmap showing the expression of
monkey early PGC signature in the gastruloid hPGCLC cluster. (B) Additional replicates of IF images
showing indicated markers (arrows indicate selected TFAP2C+SOX17+ hPGCLCs). (C) IF images of PGC
marker TFAP2C, mesoderm marker T, and ExE marker GATA3 (note very few or no cell co-expresses
TFAP2C and T or GATA3). (D) IF images of amnion marker TFAP2A in SOX17+TFAP2C+ hPGCLC
(arrows indicate selected TFAP2A+SOX17+TFAP2C+ cells). (E) UMAP showing co-expression of
amnion marker TFAP2A in NNSTP (NANOS3+NANOG+SOX17+TFAP2C+PRDM1+) cells in the scRNAseq of the hPGCLC cluster.
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Figure S3.6. Supplemental information related to Figure 3.6. IF
images of proliferating TE markers in CDX2+ ExE-like cells in
gastruloids. Scale bar is 100 µm.

Figure S3.7. Supplemental information related to Figure 3.7. (A) Still time-lapse images of dissociated
gastruloid cells reseeded in micropattern after 3, 10, 17, and 24h (arrow indicates motile cells, arrowhead
indicates non-motile cells, dotted line indicates cellular aggregates). (B, C) Average number (B) and
fraction (C) of dissociated and reseeded gastruloid cells positive for indicated markers at indicated
timepoints and cell densities (number of reseeded colonies analyzed for each cell density and time point
for (B) and (C) shown in parenthesis under each marker in (B); SD indicates standard deviation in (B);
fraction in (C) calculated from cell numbers in (B); error bars indicate SD). (D) Gene Ontology analysis
of downregulated and upregulated genes between reseeded cultures and gastruloids. (E) Heatmap
illustrating gene expression correlation of 2,000 shared highly variable genes between clusters of reseeded
and gastruloid cells. (F) Cellular composition of each cluster in gastruloids and reseeded cell population.
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(Legend on next page)

92

Figure S3.8. Supplemental information related to Figure 3.8. (A) Additional replicates of IF staining
showing indicated markers of dissociated and reseeded gastruloid cells after 48h (note mixing between
SOX2+ and T+ cells, but segregation between SOX2+ and SOX17+ cells). (B) 2D and 3D-perspective
images showing mixing between SOX2+ and T+ cells in dissociated and reseeded gastruloid cells after
48h. (C, D) IF images showing relative sorting between SOX2+ ectoderm cells (C) or GATA3+ ExE-like
cells (D) and FOXA2+ definitive endoderm or GATA6+ PE cells. Scale bar is 100 µm. (E) Cosine value
depicting overlap between expression domains of pairs of indicated markers at indicated timepoints and
cell densities (*, **, ***, **** indicates p < 0.05, 0.01, 0.001, 0.0001, respectively, using one-way
ANOVA with Tukey’s multiple comparisons test; error bars represent standard deviation; each dot
represents a pair of indicated markers in a reseeded colony; number of reseeded colonies used for each
indicated pair of markers shown below the chart). (F) UMAP display of reseeded culture from dissociated
gastruloids showing combined clusters with strong expression of SOX2 (EPI-like and Ectoderm clusters
into reEcto), T (Mesoderm-1 and -2 clusters into reMeso), SOX17 (Endoderm and hPGCLC clusters into
reEndo), and CDX2 (ExE-like cluster into reExE). (G) UMAP depicting expression of genes encoding the
protein markers used in IF studies in reseed culture. (H) Differential expression of cell adhesion
molecules in reseeded cells. (I) Violin plot illustrating expression of genes encoding Ephrins and Ephs
from the interaction analysis. (J) Dot plot showing predicted Ephrin-Eph interactions between indicated
pairs of cell clusters. Arrows in x-axis labels indicate direction of signaling (signaling to receiving
cluster). In each interacting pair in y-axis, first partner is expressed in the signaling cluster and second
partner is expressed in the receiving cluster; p value indicates enrichment of predicted interactions; mean
indicates average expression of receptor and ligand in interacting cluster.
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Chapter 4: Gene Expression Dynamics
Underlying Cell Fate Emergence in 2D
Micropatterned Human Embryonic Stem
Cell Gastruloids
4.1 Summary
Human embryonic stem cells cultured in 2D micropatterns with BMP4 differentiate into a radial
arrangement of germ layers and extraembryonic cells. Single-cell transcriptomes demonstrate
generation of cell types transcriptionally similar to their in vivo counterparts in Carnegie Stage 7
human gastrula. Time course analyses indicate sequential formation of seven major cell types,
whereby epiblast-like, prospective ectoderm, and extraembryonic cells arise at 12h.
Mesendoderm precursors arise from epiblast-like at 24h and give rise to nascent mesoderm and
endoderm at 44h, when primordial germ cell-like cells also form. Dynamic changes in transcripts
encoding key signaling pathway components support a BMP, WNT and Nodal hierarchy
underlying germ layer specification conserved across mammals, with FGF and HIPPO pathways
being active throughout the time course of BMP4 treatment. This work also provides a resource
for mining genes and pathways expressed in a stereotyped 2D gastruloid model, common with
other species or unique to human gastrulation.

4.2 Introduction
Early mammalian embryogenesis entails sequential specification of extraembryonic (ExE) and
embryonic tissues, from which the three germ layers, ectoderm, mesoderm, and endoderm arise
and are shaped into the body plan during gastrulation (Shahbazi and Zernicka-Goetz, 2018). The
underlying cellular and molecular genetic mechanisms have been extensively investigated in the
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mouse, and more recently in nonhuman primates, in vitro cultured human embryos, and 2D or
3D human embryonic stem cell (hESCs) models.
Prior to implantation, totipotent zygote gives rise to a blastocyst consisting of inner cell mass
(ICM), trophectoderm (TE), and primitive endoderm (PE or hypoblast). While preimplantation
lineage segregation processes are generally conserved between mouse and human, differences in
timing and molecular mechanisms emerge (Rossant and Tam, 2018; Shahbazi and ZernickaGoetz, 2018). In early human and monkey embryo, cells co-express lineage specific genes, with
concurrent establishment of TE, mature hypoblast, and ICM not observed until late stage
blastocyst around implantation (Nakamura et al., 2016; Petropoulos et al., 2016; Xiang et al.,
2019). After implantation in human, ICM forms epiblast (EPI) and amniotic epithelium
surrounding the amniotic cavity. The pro-amniotic cavity also develops in mouse towards late
gastrulation but the underlying mechanisms are different (Molè et al., 2020). Moreover, postimplantation EPI in human has a flat disk shape but is shaped like a cup in mouse. Studies from
cynomolgus monkey embryos, which morphologically resemble human embryos, suggest
involvement of BMP and WNT pathway in amnion formation, based on expression of BMP4,
WNT3, and WNT8 ligands, and their target genes, ID2 and MSX2, and AXIN2, respectively
(Sasaki et al., 2016; Yang et al., 2020). In vitro hESC amnion model also implicates the BMPSMAD pathway in the formation of amnion-like cells (Zheng et al., 2019). Primordial Germ
Cells (PGCs) may also arise from amnion in monkey and human gastrulae, as opposed to EPI in
mouse (Molè et al., 2020). While BMP4 signaling is conserved across mammalian PGC
formation, WNT signaling may also be involved in primates (Sasaki et al., 2016).
Prior to gastrulation, pluripotent EPI undergoes symmetry breaking to initiate the formation of
primitive streak (PS), the site of gastrulation in the posterior side. In mouse, ExE cells
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surrounding the EPI secrete Bmp4, which in turn induces Wnt3 and Nodal signaling cascade in
EPI (Ben-Haim et al., 2006). WNT and NODAL activities are restricted to posterior EPI by
Lefty1, Cer1, and Dkk1 inhibitors secreted from anterior visceral endoderm, thereby establishing
anterior-posterior axis (Morgani and Hadjantonakis, 2020). At posterior EPI, high Nodal and
Wnt3 induces the expression of T (TBXT or Brachyury), marking mesoderm precursors which
undergo epithelial-to-mesenchymal transition (EMT), resulting in the PS formation and the
initiation of gastrulation. As the wave of EMT extends the PS anteriorly, mesendoderm
precursors ingress via the PS and migrate to form the mesoderm and endoderm, whereas the
remaining EPI becomes ectoderm (Williams et al., 2012). Fgfr1 is expressed in EPI, PS, and
mesoderm, and its activation by Fgf8 is necessary for cell movement away from the PS (Sun et
al., 1999). Wnt3 and Wnt3a expression is maintained throughout the PS. Suggesting interactions
between FGF and WNT pathway, disruptions in FGF pathway phenocopy WNT mutants.
Interestingly, low FGF8 expression in Carnegie Stage (CS) 7 human gastrula implies alternative
FGF ligands act during human gastrulation (Tyser et al., 2020). In mouse gastrulae, BMP
receptors Bmpr1a and Bmpr2 are expressed in both EPI and mesoderm, but antagonist Fst is
enriched in EPI (Peng et al., 2019). Consistently, Bmp4 mutants fail to express T and form
mesoderm, or manifest truncated posterior structures (Mishina et al., 1995). Thus, the interplay
of BMP, WNT, NODAL, and FGF pathways underlies gastrulation and germ layer specification
in mouse (Morgani and Hadjantonakis, 2020).
Due to the ease of genetic manipulations, and the ability to finely control experimental factors, in
vitro stem cell systems have emerged as an invaluable tool for understanding the signaling
cascades and transcriptional regulatory network underlying cell fate specification and
morphogenesis during early human development (Morgani and Hadjantonakis, 2020). These
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models include both 2D micropatterned cultures (Martyn et al., 2019a, 2018; Warmflash et al.,
2014) and 3D aggregates modeling early blastocyst (Rivron et al., 2018), pre-gastrulation EPI
(Simunovic et al., 2019), and 3D gastruloids (Moris et al., 2020a). 2D micropatterned models
have gene expression patterns similar to CS7 human embryos (See Chapter 3), whereas 3D
aggregates show features of CS9 stage (Moris et al., 2020a). Whereas hESCs cultured in both 2D
micropatterns and 3D aggregates result in germ layer specification, highly reproducible 2D
micropatterns are particularly suitable for investigating dynamic changes in gene expression
underlying cell fate emergence in early human gastrulation.
As in mouse gastrulation, BMP–WNT–NODAL pathways interact in hESC micropatterned
gastruloids, which form germ layers and ExE cell types upon BMP4 treatment (Chhabra et al.,
2019; Etoc et al., 2016; Martyn et al., 2018; Warmflash et al., 2014). Mouse EPI-like cells
differentiated in similar 2D micropatterns also showed specification of cell fates comparable to
in vivo gastrulae (Morgani et al., 2018). In hESC micropatterned cultures, despite global BMP4
treatment, BMP activity is restricted to the edge of gastruloids and activates WNT, which in turn
activates NODAL signaling. While BMP activity remains at the edge, WNT and NODAL
activities travel towards the center from the edge (Chhabra et al., 2019; Etoc et al., 2016).
Signaling activity of these pathways in micropatterned cultures has been monitored by
phosphorylation and/or nuclear localization of downstream effectors pSMAD1, SMAD2/3, and
CTNNB1 (ß-catenin). However, the spatiotemporal dynamics of the signaling components of
BMP, WNT, and NODAL pathways in micropatterned gastruloids are incompletely understood.
Using single cell RNA sequencing (scRNA-seq), we have previously shown that BMP4
treatment of 2D hESC micropattern cultures results in the formation of seven major cell types:
Ectoderm, EPI-like, PS-like, Nascent Mesoderm, Endoderm, human PGC-like cell (hPGCLC),
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and ExE-like cells with amnion and TE signatures. Here, we performed a time course scRNAseq on gastruloids at 12, 24, and 44 hours after BMP4 application to understand dynamic
changes in gene expression and deduce signaling interactions underlying cell fate emergence in
this system. Using immunofluorescence (IF) and scRNA-seq, we showed that germ layer
emergence in gastruloids follows the temporal order of in vivo gastrulation, with EPI-like and
ectoderm precursors forming at 12h, mesendoderm precursors arising from EPI-like at 24h to
give rise to nascent mesoderm and endoderm at 44h, when hPGCLC also form. Comparison with
CS7 human gastrula (Tyser et al., 2020) showed similarity in transcriptomes and differentiation
trajectories of gastruloid cells to their in vivo counterparts. Dynamic changes in transcripts
encoding components of key signaling pathways support a BMP, WNT and Nodal hierarchy
underlying germ layer specification conserved across mammals, with FGF and HIPPO signaling
being active throughout the time course of 2D micropattern gastruloid differentiation.

4.3 Results
H1 hESC cultures on 500µm diameter of ECM microdiscs and treated with BMP4 for 44h
reproducibly recapitulate aspects of gastrulation, namely the formation of germ layers and ExElike cells in a radial arrangement (Warmflash et al., 2014). Here, we combined scRNA-seq with
IF on these 2D micropatterned gastruloids treated with BMP4 for 12h and 24h, together with 44h
dataset described in Chapter 3, to investigate cell differentiation trajectories and underlying
dynamic gene expression, and deduce cell signaling interactions leading to the formation of these
early embryonic cell types. ScRNA-seq dataset for each replicate at each time point was
generated from cells pooled from 36 gastruloids. In total, 6,142 cells expressing 23,624 genes
were analyzed (Figure S4.1A).
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4.3.1 Sequential emergence of the seven embryonic and extraembryonic cell
types in micropatterned gastruloids upon BMP4 treatment
Previous studies have shown that uniform application of BMP4 to the micropatterned cultures
generates a radial gradient of BMP4 signaling over time, as evidenced by high to low expression
from the edge to the center of downstream effector phosphorylated SMAD1 (pSMAD1), and that
this BMP4 signaling gradient underlies the radial formation of germ layers and ExE-like cells
(Etoc et al., 2016; Warmflash et al., 2014). At 12h of BMP4 treatment, high pSMAD1 staining
was restricted to the colony edge (Figure S4.1B). At this stage, the expression of TE marker
GATA3 was generally confined to the outer edge, but also found in some cells in the center.
However, the expression of amnion maker TFAP2A was observed in fewer cells and not as
confined to the edge as GATA3. Neither PS and mesoderm marker T, nor endoderm marker
SOX17 was detected at this stage by IF or scRNA-seq (Figures 4.1A–C). However, cells in the
center were SOX2+POU5F1low, suggestive of a prospective ectoderm identity (Figure 4.1A).
Cells between GATA3+TFAP2A+ edge and SOX2+POU5F1low center were SOX2+POU5F1high,
suggestive of pluripotent or EPI-like characteristics. Accordingly, scRNA-seq indicated three
major cell populations at 12h of BMP4 treatment, SOX2+POU5F1lowNANOGlow prospective
Ectoderm, SOX2+POU5F1+NANOG+ EPI-like, and GATA3+TFAP2A+ ExE-like cells (Figure
4.1C). We noted a few cells expressing PGC markers NANOS3 or TFAP2C. While these cells
could represent hPGCLC precursors, we did not observe SOX17+TFAP2C+ co-expression in IF,
nor NANOS3+TFAP2C+SOX17+ co-expression in scRNA-seq (Figures 4.1C and S4.1C), an
expression signature described in primate PGC (Chen et al., 2019; Sasaki et al., 2016).
At 24h post BMP4 addition, SOX2+POU5F1low prospective ectoderm cells were more restricted
to the center (Figures 4.1A and 4.1B). We also observed a ring of PS and mesoderm maker T
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Figure 4.1. Temporal dynamics of protein and gene expression along the time course of 2D
micropatterned gastruloid BMP4 treatment. (A) IF images of indicated markers after 12, 24, and
44h of BMP4 treatment (each colony is approximately 500µm in diameter). (B) Quantification of
normalized fluorescence intensity of indicated markers after 12h, 24h, and 44h of BMP4
treatment. Fluorescence intensity of each marker was normalized against that of DAPI for each
gastruloid along the radius and average normalized value of all gastruloids is shown. Data are
represented as mean ± SEM. (C) UMAP display of indicated marker expression after 12h, 24h,
and 44h of BMP4 treatment. SOX2+POU5F1+NANOG+ marks pluripotency;
SOX2+POU5F1lowNANOGlow, prospective ectoderm; T and MESP1, mesoderm; SOX17 and
FOXA2, endoderm; NANOS3 and TFAP2C, PGC; CDX2, TFAP2A, and GATA3, ExE-like;
CDH1lowCDH2high, EMT. (D) Diagram depicting domains of marker expression from IF studies.
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expression but only sporadic SOX17+ cells. Likewise, scRNA-seq indicated the presence of T+
but very few SOX17+ cells. In early mouse gastrulae, cells in the forming PS undergo EMT,
characterized by the switch from CDH1 to CDH2, and ingress through the PS to form mesoderm
and endoderm. Similarly, characteristics of EMT and PS formation were reported in the 42-48h
2D micropatterned gastruloids (Martyn et al., 2019). At 24h BMP4 treatment, CDH2 expression
was not yet restricted to T+ cells and CDH1 expression was observed throughout the gastruloids
(Figure 4.1A). Accordingly, scRNA-seq showed the majority of cells expressing CDH1 while
expression of EMT markers CDH2 and SNAI1/2 was low and not restricted to T+ cells. Nascent
mesoderm marker MESP1 was also not detected at 24h (Figure 4.1C). We interpret these results
to mean that T+ mesoderm precursors have emerged but neither EMT nor mesoderm formation
has initiated at 24h. At this stage, the expression of both GATA3 and TFAP2A was confined to
the edge (Figures 4.1A and 4.1B). Consistent with this, scRNA-seq showed the majority
GATA3+TFAP2A+ cells confined to the same cluster although a few double positive cells were
found in SOX2+POU5F1lowNANOGlow prospective Ectoderm. While we did not observe
TFAP2C+SOX17+ co-expression by IF, scRNA-seq detected a few NANOS3+TFAP2C+SOX17+
cells (Figure 4.1C; 25 cells with all RNA counts > 0), suggesting that hPGCLC formation has
initiated at 24h.
In 44h 2D micropatterned gastruloids, we observed the full complement of ExE, germ layers,
and hPGCLCs. CDH2 was largely restricted to T+ cells in IF, consistent with mesoderm
precursors acquiring EMT characteristics (Figure 4.1A). ScRNA-seq distinguished T+ cells into
ThighMESP1low and TlowMESP1high, suggestive of PS-like and nascent mesoderm populations,
respectively (Figure 4.1C). Transcripts of EMT markers CDH2 and SNAI1/2 were also found in
T+ cells. A distinct ring of SOX17 expression suggested endoderm formation. ScRNA-seq
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distinguished SOX17+ cells into SOX17+FOXA2+ endoderm and SOX17+NANOS3+TFAP2C+
hPGCLCs. Co-expression of SOX17 and TFAP2C in IF also corroborated hPGCLC emergence
at 44h (Figure S4.1C). Interestingly, pluripotent marker POU5F1 persisted in all cells except
prospective Ectoderm and ExE-like at all timepoints in IF (Figure 4.1A). ScRNA-seq detected
POU5F1 transcripts in all cells but at relatively lower levels in SOX2+ prospective ectoderm. In
contrast, NANOG expression was low except in SOX2+POU5F1+ EPI-like cells and
GATA3+TFAP2A+ ExE-like cells (Figure 4.1C). Taken together, these studies suggest that ExElike and prospective ectoderm form as early as 12h, and mesoderm precursors emerge by 24h,
suggesting the initiation of gastrulation-like events, followed by the formation of endoderm, and
hPGCLC at 44h. From IF analyses, we identified spatial domains of marker expression along the
time course (Figure 4.1D). At 12h, SOX2+POU5F1+ EPI-like ring was sandwiched between
SOX2+POU5F1low prospective ectoderm in the center and GATA3+TFAP2A+ ExE-like ring at
the edge. At 24h, T+ mesoderm ring emerged interiorly next to GATA3+TFAP2A+ ring. At 44h,
SOX17+ ring, consisting of FOXA2+ endoderm and TFAP2C+ hPGCLC, emerged between T+
and GATA3+TFAP2A+ cells. Although marker gene expression arose in radial rings, some
overlap in expression patterns was observed.
Gene Ontology (GO) analysis of our scRNA-seq data set using 612 upregulated genes at 24h
over 12h indicated processes such as ‘in utero development’, ‘cell differentiation involved in
embryonic placenta development’, and ‘blastocysts development’, consistent with early
inductive events. GO analysis of 511 genes upregulated in 44h over 24h supported the notion of
gastrulation morphogenesis being initiated after 24h of BMP4 treatment, as indicated by the
enrichment of GO terms ‘gastrulation’, ‘mesoderm development’, ‘mesoderm morphogenesis’
and ‘endoderm development’ (Figure S4.1D).
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Using canonical markers, and monkey and mouse gastrula datasets (Ma et al., 2019; Pijuan-Sala
et al., 2019) as references, we have previously annotated seven major cell types in 44h
gastruloids– EPI-like, Ectoderm, PS-like Mesoderm-1, nascent mesoderm-like Mesoderm-2,
Endoderm with PE and definitive endoderm (DE) signatures, hPGCLC, and ExE-like with
amnion and TE signatures (See Chapter 3) (Minn et al., 2020). Here, we combined 12h, 24h, and
44h datasets using canonical correlation analysis (CCA) in Seurat (Figure 4.2A). We then used
an anchor-based method (Stuart et al., 2019) to compute predicted cell type scores for 12h and
24h gastruloid cells using 44h dataset with the previously annotated seven cell types as the
reference. In this method, query cells are assigned prediction scores based on their nearest
neighbors in the reference cells. Each 12h and 24h cell with the highest prediction score for a
44h cell type was assigned the same cell type annotation (Figures 4.2B–D, S4.2A, and S4.2B).
The anchor-based annotation of 12h and 24h micropatterned cultures largely corroborated
marker expression analyses described above. The majority of 12h gastruloid cells were predicted
as EPI-like, but the fraction decreased over time (Figure 4.2C; 56%, 51%, and 26% at 12h, 24h,
and 44h, respectively), consistent with the emergence of differentiated cell types at 44h. In line
with SOX2+POU5F1lowNANOGlow marker expression, 12% of 12h cells were identified as
prospective Ectoderm, marking the first germ layer anlage to form in 2D micropatterned
gastruloids. ExE-like cells were also observed at 12h, and increased in proportion over time
(Figure 4.2C; 4%, 12%, and 13% at 12h, 24h, and 44h, respectively). Interestingly, 25% of 12h
cells were predicted as Mesoderm-1 despite very low to no T expression, suggesting these cells
may be mesoderm precursors. At 24h and 44h, predicted Mesoderm-1 cells expressed PS
markers T and MIXL1 (Figures 4.2E and S4.2C). By 44h, we observed a reduced fraction of
Mesoderm-1 cells, coincident with the emergence of nascent mesoderm-like Mesoderm-2.
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Similar to Mesoderm-2, Endoderm population did not appear until 44h (<1% at 12h and 24h, and
5% at 44h). Corroborating marker genes analysis, a small fraction of hPGCLC was identified at
24h and increased at 44h (1%, 4%, and 13% at 12h, 24h, and 44h, respectively).
Overall, our time course analyses showed the dynamics of differentiation of germ layers and ExE
cell types over 44h of BMP4 treatment in 2D micropatterned gastruloids; (1) EPI-like cells
predominated at 12h and 24h but decreased at 44h, (2) Ectoderm, Mesoderm-1, and ExE-like
cells were found as early as 12h, and (3) more differentiated cell types Mesoderm-2, Endoderm,
and hPGCLC were primarily observed at 44h. All annotated clusters expressed corresponding
known canonical markers for each cell type (Figures 4.2E and S4.2C). All markers were wellrepresented between replicates within each time point (Figure S4.2D), and cells overlap well
between the replicates (Figure S4.2E).

4.3.2 Comparison of the micropatterned gastruloid cell types with the human
Carnegie Stage 7 gastrula
We have reported that 2D hESC gastruloids treated with BMP4 for 44h are transcriptionally
similar to E7.0–7.5 mouse and 14–16 dpf (days post fertilization) cynomolgus monkey gastrula
(See Chapter 3) (Minn et al., 2020), likely corresponding to CS7 human embryos (O’Rahilly and
Müller, 1987). The comparison with the mouse dataset showed similarities of the gastruloid
germ layers to respective mouse germ layers, and that of ExE-like to mouse ExE ectoderm.
However, only the comparison with the in vitro cultured cynomolgus monkey gastrulae dataset
revealed primate features of 2D gastruloids, including the formation of hPGCLC and that of
ExE-like with TE and amnion transcriptional signatures. This underscores the significance of
datasets from nonhuman primate and human embryos in understanding the potential and
limitations of hESC in vitro systems to model aspects of human gastrulation. Thus, we
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performed a comparison with recently published scRNA-seq dataset from CS7 (~16 to 19 dpf)
human gastrula (Tyser et al., 2020). These analyses showed the closest correlation in average

Figure 4.2. Sequential emergence of the seven embryonic and extraembryonic cell types in
micropatterned gastruloids upon BMP4 treatment. (A) UMAP projection of cells identified at different
times of BMP4 treatment. (B) UMAP display of the seven cell clusters identified over the course of
BMP4 treatment. (C) Bar plot depicting percentage of the seven cell types at indicated time points. (D)
UMAP projection of the seven cell clusters identified at indicated time point. (E) Expression of indicated
canonical markers in the seven gastruloid clusters. SOX2+POU5F1+NANOG+ marks pluripotency;
SOX2+POU5F1lowNANOGlow, prospective ectoderm; T and MESP1, mesoderm; SOX17 and FOXA2,
endoderm; NANOS3 and TFAP2C, PGC; CDX2, TFAP2A, and GATA3, ExE-like; CDH1lowCDH2high,
EMT.
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gene expression and the highest prediction scores of CS7 human gastrula to 44h, 24h, and 12h
gastruloids, in that order (Figures 4.3A and 4.3B). Furthermore, CS7 human gastrula
transcriptionally corresponds to E7.0–7.5 mouse (Figure S4.3A) and 14–16 dpf cynomolgus
monkey gastrula (Figure S4.3B), similar to 44h hESC gastruloids (See Chapter 3) (Minn et al.,
2020). Therefore, 2D hESC gastruloids at 44h may represent early-mid gastrulation stage
relevant to CS7 human gastrula.

Figure 4.3. Comparison of the 2D micropatterned gastruloid cell types with the human Carnegie Stage 7
gastrula. (A and B) Comparison of CS7 gastrula with BMP4 micropatterned cultures at indicated time
points using average gene expression correlation (A), and anchor-based prediction method (B). (C)
Prediction score of CS7 cell types in gastruloid cell types at all time points. (D) Module score of top 20
differentially expressed PGC genes of CS7 gastrula in all gastruloid clusters at all time points. (E) UMAP
projection of indicated cell types from CS7 human, E6.5–7.5 mouse, and gastruloid cultures. (F)
Expression of prospective ectoderm maker SOX2 in indicated CS7 human, mouse, and gastruloid cell
types.
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Transcriptional profiling of the CS7 human gastrula defined 11 major cell types (Figure S4.3C)
(Tyser et al., 2020). With marker genes from these 11 cell types as reference, we used the
anchor-based method to calculate prediction scores of CS7 gastrula in 2D micropatterned
gastruloids (Figure 4.3C). Gastruloid EPI-like, Mesoderm-1, Mesoderm-2, and Endoderm scored
highly for corresponding cell types in CS7 gastrula, namely EPI, PS, nascent/emergent
mesoderm, and endoderm, respectively. In CS7 gastrula, the 11 distinct cell types did not include
PGC but a few PGCs were identified within the PS (Tyser et al., 2020). This likely explains high
CS7 PS score in gastruloid hPGCLC. Moreover, gastruloid hPGCLCs are NANOS3+SOX17+Tlow
(Figure S4.2C), similar to CS7 PGCs. The PGC module score using the top 20 differentially
expressed genes (DEGs) in CS7 PGCs (Tyser et al., 2020) reveals the highest score in the
hPGCLC cluster (Figure 4.3D), indicating that gastruloid hPGCLCs are similar to CS7 PGC.
In CS7 human gastrula, ectoderm includes both embryonic surface and amniotic ectoderm cells,
whereas advanced mesoderm likely represents ExE mesoderm (Tyser et al., 2020). Surprisingly,
gastruloid Ectoderm had the highest prediction score for CS7 advanced mesoderm, whereas
gastruloid ExE-like for CS7 ectoderm (Figure 4.3C). To investigate gastruloid and CS7 ectoderm
further, we performed CCA with E6.5–7.5 mouse dataset (Pijuan-Sala et al., 2019), which
distinguishes embryonic and ExE ectoderm. Specifically, we included mouse surface ectoderm,
ExE ectoderm, and rostral neurectoderm, but excluded caudal neurectoderm, which scored
poorly for all cell types in CS7 or gastruloids (Figure S4.3D). We also included gastruloid ExElike, which transcriptionally resembles mouse ExE ectoderm (Figure S4.3H), and CS7 advanced
mesoderm due to its high prediction score to gastruloid Ectoderm (Figure 4.3C). Projection of
these cell types on UMAP showed close clustering of gastruloid ExE-like cells to mouse ExE
ectoderm. Consistent with embryonic and ExE signature, CS7 ectoderm cells spread out across
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mouse ectoderm cell types (Figure 4.3E). Accordingly, CS7 ectoderm has a high prediction score
for mouse ExE ectoderm, followed by rostral neurectoderm and surface ectoderm (Figure
S4.3D). In contrast, gastruloid Ectoderm cells cluster closer to mouse rostral neurectoderm and
surface ectoderm, rather than CS7 advanced mesoderm (Figure 4.3E). Furthermore, SOX2 which
is expressed and regulates neurectoderm derivatives (Pijuan-Sala et al., 2019), was found in
gastruloid Ectoderm, but not in CS7 ectoderm (Figure 4.3F). Early neural markers PAX6 and
GLI3 were also expressed in some gastruloid Ectoderm cells (Figure S4.3G).
The majority of CS7 advanced mesoderm cells clusters closely with gastruloid ExE-like cells
and some with gastruloid Ectoderm cells (Figure 4.3E). Moreover, comparison with monkey
dataset, which includes amniotic but not ectoderm cells, showed the highest prediction score of
monkey amnion (E-AM, L-AM1/2) in CS7 ectoderm. Similar analysis with mouse and monkey
embryos showed a high prediction score of ExE mesenchyme (EXMC) in CS7 advanced
mesoderm (Figures S4.3E and S4.3F), consistent with their ExE characteristics. Moreover, we
noted that some gastruloid Ectoderm cells scored highly for mouse and monkey ExE
mesenchyme (Figures S4.3H), likely explaining their high prediction score to CS7 advanced
mesoderm. These comparisons suggest transcriptional similarity to mouse and monkey ExE cells
of gastruloid ExE-like cells, some of which also scored highly for CS7 ectoderm due to amniotic
signature. In addition, gastruloid Ectoderm cluster, despite its transcriptional similarity to mouse
ectoderm, scored poorly for CS7 ectoderm possibly due to a higher resemblance of CS7
ectoderm to ExE or amniotic ectoderm, or unclear distinction between embryonic versus ExE
ectoderm at CS7 stage.
Overall, the comparative transcriptomic analysis with CS7 human gastrula suggests that 2D
hESC gastruloids recapitulate the formation of EPI, PS, nascent/emergent mesoderm, endoderm,
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and PGC. However, due to the lack of distinct annotation for ectoderm derivatives and ExE TE
or amnion in the CS7 dataset, we cannot conclusively determine similarity of gastruloid
Ectoderm and ExE-like to their counterparts in CS7. Nonetheless, additional comparison with
mouse (Pijuan-Sala et al., 2019) and monkey (Ma et al., 2019) gastrula suggest transcriptional
similarity of gastruloid Ectoderm to mouse rostral neurectoderm and surface ectoderm (Figure
4.3E), and gastruloid ExE-like to monkey TE and amnion (Figure S4.3H).

4.3.3 Dynamic changes in expression of signaling pathway components and
their transcriptional targets in the course of 2D micropatterned gastruloid
differentiation
Developmental genetic studies defined conserved signaling cascades underlying the induction of
ExE cell types in early amniote embryos, and induction and patterning of germ layers in all
metazoans. In post-implantation mouse embryos, Bmp4 ligands from ExE tissues induce in the
adjacent EPI expression of Wnt3, which in turn induces expression of Nodal. The positive and
negative feedback loops in signaling of individual pathways and between these key morphogens
pattern the early mammalian embryo (Morgani and Hadjantonakis, 2020). Previous studies used
IF, qPCR, and bulk RNA-seq analyses to demonstrate that despite uniform application of BMP4
ligands to 2D micropatterned hESC cultures, its downstream effector pSMAD1 was largely
restricted to the edge of each colony after 12h, and this pattern persisted at 24h and 44h (Etoc et
al., 2016), indicating radial asymmetry in BMP signaling. Consequently, around 24h, the BMP4
signaling at the edge initiates WNT signaling, which in turns triggers NODAL signaling. While
both WNT and NODAL signaling wave travel inwards towards the colony center, the NODAL
signaling wave travels faster (Chhabra et al., 2019). At 44h, in addition to pSMAD1 restriction,
we found high expression of BMP4 in the ExE-like cells at the edge, suggesting self-regulation
of BMP4 signaling. Consistent with WNT and NODAL activation after 24h, we found
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expression of NODAL, WNT3, and WNT5A in the rings of EPI-like and Mesoderm-1/2 clusters at
44h (Figure S4.4A). Immunostaining at 44h suggested that SOX2+POU5F1+ EPI-like cells were
sandwiched between SOX2+POU5F1low Ectoderm center and T+ Mesoderm ring (Figure 4.1D).
Therefore, highest expression of NODAL in the EPI-like, but that of WNT3 and WNT5A in

Figure 4.4. Dynamic changes in expression of genes encoding signaling pathway components over the
course of 2D micropatterned gastruloid differentiation. (A) Temporal dynamics in expression of indicated
signaling pathway components over the course of BMP4 treatment. (B) Heatmap showing expression of
components of indicated pathways in cells at indicated time point and indicated cell types.
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Mesoderm clusters suggest that NODAL activity is further inwards towards the center,
supporting previous reports that NODAL wave travels faster than WNT wave (Chhabra et al.,
2019). We further interrogated our scRNA-seq data sets at 12h, 24h, and 44h of 2D gastruloid
differentiation to understand expression of components and downstream targets of these and
other key signaling pathways (BMP, WNT, NODAL, FGF, and HIPPO) and deduce their
activity and potential role in the emergence of the seven gastruloid cell types. Overall, we found
increasing expression of BMP, WNT, NODAL, and HIPPO signaling components overtime but a
reverse expression dynamics was observed for FGF signaling components (Figure 4.4A).
Within the BMP pathway, from 12h to 44h, we found increasing expression genes encoding
ligands BMP2 and BMP4, receptors BMPR2 and BMPR1A, and downstream effector SMAD5,
suggesting a role in 2D gastruloid differentiation (Figure 4.4A). At 44h, the upregulation of
BMP2 was specific to Mesoderm-2 and Endoderm clusters (Figures 4.4B, S4.4B, and S4.4C).
Furthermore, consistent with ExE cell types being a source of BMP ligands, the edge ExE-like
cells expressed higher BMP4 than other cell types. Over time, BMP target gene and negative
feedback inhibitor BAMBI (Onichtchouk et al., 1999) was also increasingly expressed,
particularly in the ExE-like. Among genes encoding BMP antagonists, we saw little expression
of NOG and CHRD across all time points but observed expression of FST in the center Ectoderm
cells and CER1 in Mesoderm-2. Taken together, at 44h, strong expression of FST in the
Ectoderm, CER1 and BMP2 in Mesoderm-2 and Endoderm, and BMP4 in ExE-like is consistent
with a radial gradient of BMP signaling activity with low activity in the center, detected as early
as 12h by IF studies of downstream effector pSMAD1 (Figure S4.1B).
WNT signaling is induced by BMP in early mouse embryos and hESC 2D gastruloids (Chhabra
et al., 2019). We observed relatively few cells expressing genes encoding WNT ligands and
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target AXIN2 until 44h, although receptors FZD3 and LRP6, antagonist SFRP1/2, and
intercellular components CTNNB1, APC and GS3KB were expressed as early as 12h (Figure
4.4A). By 44h, we observed expression of WNT2 in hPGCLC, WNT3 in Mesoderm-1 and -2,
WNT5A in Mesoderm-2, WNT5B in hPGCLC and ExE-like, and WNT6 in ExE-like (Figures
4.4B and S4.4D), suggesting that different WNT ligands may be involved in signaling between
discrete cell types that form in micropatterned gastruloids. We also noted similar expression
levels of CTNNB1 and WNT receptors across all cell types, but FZD7 and LRP6/10 were
expressed higher in Mesoderm-2 and Endoderm. Among WNT antagonists, SFRP1 was
differentially expressed in Ectoderm and EPI-like, DKK1 in Ectoderm and Mesoderm-2, whereas
SFRP2 was uniformly expressed in all clusters. Expression of WNT ligands and its target AXIN2
is indicative of signaling activity. Therefore, expression of WNT ligands in all cell types except
in the Ectoderm center, and the surrounding EPI-like ring, particularly at 44h, suggests low
WNT activity in the center of gastruloids.
Within NODAL pathway, starting at 24h, we saw upregulation of NODAL transcripts in EPI-like
and Mesoderm-1/2, consistent with their role in mesoderm formation. Similar expression
patterns were observed for TDGF1, GDF3, and FOXH1, encoding NODAL co-receptor,
heterodimer, and regulator, respectively (Figures 4.4B) (Montague and Schier, 2017).
Throughout the time course, we found consistent expression of antagonist FST, which was
expressed highest in the center Ectoderm (Figures 4.4B and S4.4E). Expression of NODAL
feedback inhibitor LEFTY1 was detected in EPI-like at 24h while LEFTY2 exhibited low
expression across all cell types with some enrichment in Ectoderm at all time points (Figure
4.4B). These RNA expression data at 24h and 44h suggest high NODAL signaling activity in the
middle ring comprising EPI-like, Mesoderm, and Endoderm, but low in the Ectoderm center and
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ExE-like edge. As described above, we also observed expression of WNT ligand genes in
Mesoderm and Endoderm but not in EPI-like cluster. Taken together, this suggests that by 44h,
NODAL activity has reached further inside the gastruloid colony than WNT activity, consistent
with previous reports (Chhabra et al., 2019).
Within the FGF pathway, at 12h, we noted high expression of ligand FGF2, receptor FGFR1,
and antagonists SPRY1, DUSP6, and CBL (Ornitz and Itoh, 2015), all of which decreased
towards 44h (Figure 4.4A). Conversely, we found increasing expression of FGF17 transcripts
towards 44h, particularly in Mesoderm-1/2 and Endoderm (Figures 4.4B and S4.4F). Consistent
with observation in mouse, FGFR1 was expressed in both gastrulating and ExE cell types
(Morgani and Hadjantonakis, 2020). DUSP6, encoding negative regulator and target gene, was
highly expressed in the Endoderm cluster, suggestive of its role in endoderm differentiation in
gastruloids (Figure S4.4F). We also noted selective upregulation in Ectoderm cluster of another
negative regulator SPRY1, suggesting a reduced FGF activity in the center. Similar to WNT
signaling, cells that produce FGF ligands show the strongest signaling response (Morgani and
Hadjantonakis, 2020). Therefore, the expression of FGF ligands (FGF2 and 17) at 44h (Figure
4.4B) suggests a circular ring of expression or signaling activity in the middle of gastruloids,
peaking in Mesoderm cluster. Thus, the ring of FGF activity may play a role in Mesoderm and
Endoderm formation and/or morphogenesis in gastruloids.
Lastly, we found that genes encoding components of HIPPO pathway were expressed
increasingly throughout the time course, except for negative regulators STK4 (MST1) and STK3
(MST2), which showed reverse expression dynamics (Figure 4.4A). Interestingly, we observed
high expression of YAP1 and TEAD1/2 in the gastruloid Endoderm cluster (Figure 4.4B and
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Figure 4.5. Characterization of gene expression and differentiation trajectory in gastruloid EPI-like and
Mesoderm. (A) UMAP projection of H1 primed and naïve hESCs, gastruloid EPI-like cells, and human
EPI at indicated stages. (B) Prediction score of human EPI at indicated stages in gastruloid EPI-like cells.
(C) Expression of pluripotent markers (top) and posterior EPI markers (bottom) in gastruloid EPI-like
cells over the time course. (D) Diffusion maps and pseudotime plots of gastruloid EPI-like, and CS7 EPI
and PS. (E) Expression of indicated PS and mesoderm markers in gastruloid Mesoderm-1 and -2 clusters
over the time course. (F) Diffusion maps showing arrangements of indicated gastruloid and CS7 cells
along diffusion coordinates 1 and 2; gastruloid cells shown with CS7 cells in the background (top left),
CS7 cells shown with gastruloid cells in the background (top center), and pseudotime plot of both
gastruloid and CS7 cells combined (top right); expression of indicated posterior EPI and mesoderm
markers in gastruloid and CS7 cells (bottom) along EPI to mesoderm transition.
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S4.4G). High expression of YAP1 and TEAD2 was also found in CS7 DE (Tyser et al., 2020),
suggesting a potential role of HIPPO pathway in endoderm formation.

4.3.4 EPI-like cluster represents precursors for gastrulating cells
The gastruloid EPI-like cluster scored highly for EPI in human, monkey, and mouse (Figures
4.3C and S4.3H). Towards 44h, concomitant with the emergence of differentiated cell types,
fewer EPI-like cells were identified (Figure 4.2C). To test that EPI-like cells were not
undifferentiated hESC but indeed similar to EPI in identity, we performed CCA on the gastruloid
EPI-like cells, EPI from CS7 (Tyser et al., 2020) and D6–14 in vitro cultured human embryos
(Xiang et al., 2019), and primed and naïve H1 hESC (Han et al., 2018). CCA and UMAP
projection showed close clustering of gastruloid EPI-like to human EPI, rather than H1 hESC
(Figure 4.5A). Corroborating these findings, gastruloid EPI-like exhibited the closest gene
expression correlation and highest prediction scores to D14 and CS7 human EPI (Figures 4.5B
and S4.5A). Thus, hESC gastruloids likely form cells similar in identity to human EPI at
gastrulation stages.
Analyses of EPI-like cluster from 12, 24, and 44h showed expression of pluripotent markers
SOX2, POU5F1, NANOG, and DPPA4 across all time points (Figure 4.5C). However, we
observed expression of the NODAL pathway’s components TDGF1, FOXH1, and GDF3 already
at 12h, with increasing expression levels at 24 and 44h. NODAL expression was appreciably
detected only at 24h and increased at 44h suggesting that growing numbers of EPI-like cells at
24 and 44h are differentiating towards PS-like or mesoderm cells, consistent with NODAL
activity inducing PS formation in the posterior EPI of mouse gastrula (Morgani and
Hadjantonakis, 2020). Accordingly, a diffusion map of gastruloid EPI-like, and CS7 EPI and PS
showed increasing overlap of 24 and 44h EPI-like cells with CS7 PS (Figure 4.5D).
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4.3.5 Gastruloid mesoderm shows transition of primitive streak to nascent
mesoderm identity over the time course
Over the course of BMP4 treatment, we found that the majority (> 96%) of 12h and 24h
mesodermal cells were Mesoderm-1, whereas at 44h, 55% were Mesoderm-1 and 44% were
Mesoderm-2 (Figure S4.5B), implying the progression of Mesoderm-1 to Mesoderm-2
formation. These results were corroborated by IF studies where T was expressed at 24h without
CDH2 expression (an EMT characteristic), suggesting the formation of PS-like cells. By 44h, T+
cells were also CDH2+, akin to in vivo counterparts that have traversed PS to form nascent
mesoderm (Figure 4.1A).
Gene expression analysis in CS7 showed that T (TBXT) was expressed in both PS and nascent
mesoderm, but differentiated markers such as DLL3, MESP1, PDGFRA, and APLNR, as well as
EMT markers SNAI1/2 are expressed only in nascent and emergent mesoderm (Figure S4.5C).
At 24h, only T was expressed in Mesoderm-1/2 cells, suggestive of PS-like identity. At 44h,
Mesoderm-1 expressed relatively higher levels of T, but lower levels of differentiated and EMT
markers (Figure 4.5E). These results suggest a shift in gene expression pattern from PS-like to
nascent mesoderm at 44h, but with Mesoderm-1 closer to CS7 PS and Mesoderm-2 closer to CS7
nascent/emergent mesoderm expression signature. Consistent with this, CCA and UMAP
projection of gastruloid Mesoderm-1/2, and CS7 PS and mesoderm cell types showed close
clustering of Mesoderm-1 to PS and Mesoderm-2 to nascent/emergent mesoderm (Figure
S4.5D). Plotting CS7 EPI, PS, and nascent/emergent mesoderm along diffusion coordinates
showed sequential ordering of cells along the pseudotime and gradual expression of mesoderm
markers (Figure 4.5F). Similar trajectory, pseudotime arrangement, and marker expression was
observed for gastruloid EPI-like, Mesoderm-1, and -2 cells (Figure 4.5F), suggesting that
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Mesoderm-1 likely represents a transitional cell type between EPI-like and Mesoderm-2, similar
to the transitional nature of PS between EPI and nascent mesoderm in vivo. Taken together, these
results support that 2D gastruloid formation recapitulates temporal aspects of in vivo
gastrulation, where PS emerges from EPI before mesoderm formation.
In mouse, Fgf8 is required for migration of mesodermal cells away from the PS. We have shown
that in primates and hESC gastruloids at 44h, FGF8 expression is low or absent mesoderm cells
(See Chapter 3) (Minn et al., 2020). Instead, we found upregulation of FGF17 in Mesoderm 2,
suggesting that different FGF molecules may be responsible for regulating primate gastrulation
(Figures S4.5E–G). Consistent with this, FGF17, instead of FGF8, is upregulated in nascent
mesoderm of CS7 human gastrula. In contrast, FGF2 was absent in mouse but had high to low
expression from EPI to nascent mesoderm transition in human. In gastruloids, we found stable
low expression of FGF2 across EPI-like, Mesoderm-1, and -2 (Figure S4.5F). Other notable
differences between CS7 human and mouse include upregulation of SNAI2 but downregulation
of TDGF1 in CS7 EPI to nascent mesoderm transition (Tyser et al., 2020). In mouse, SNAI2
exhibits low expression, whereas TDGF1 is upregulated from EPI to nascent mesoderm
transition. Similar to CS7 human, we found upregulation of SNAI2 and slight downregulation of
TDGF1 in gastruloid EPI-like to Mesoderm-2 transition (Figures S4.5E–G). To probe further
similarities and differences in gene expression changes from EPI to nascent mesoderm (EPI-like
to Mesoderm-2 in gastruloids), we compared upregulated and downregulated DEGs in mouse,
human, and gastruloids. We found more shared DEGs between CS7 and hESC gastruloids, as
opposed to mouse (Figure S4.5H; 131 vs. 57 upregulated genes and 77 vs. 74 downregulated
genes). We also found 23 upregulated and 16 downregulated genes that are present in all datasets
(Figure S4.5I), including known mesodermal marker genes such as T, MESP1, SNAI1, and
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MIXL1. We further identified 111 upregulated and 62 downregulated genes that are shared in
CS7 and hESC gastruloids but not in mouse (Figure S4.5J), suggesting that 2D hESC gastruloid
can replicate human-specific transcriptional signature of gastrulation.
Figure 4.6. Characterization of gene
expression and differentiation trajectory in
gastruloid Endoderm. (A) Expression of
indicated endoderm and anterior PS markers.
(B) Diffusion maps showing arrangements of
indicated gastruloid and CS7 cells along
diffusion coordinates 1 and 2; gastruloid cells
shown with CS7 cells in the background (top
left), CS7 cells shown with gastruloid cells in
the background (top center), and pseudotime
plot of both gastruloid and CS7 cells combined
(top right); expression of indicated mesoderm
and endoderm markers in gastruloid and CS7
cells (bottom) along PS to mesoderm and PS to
endoderm trajectories.

4.3.6 Gastruloid endoderm exhibits similar transcriptional signatures to
definitive endoderm
Both IF and scRNA-seq data indicates that Endoderm population emerged at 44h (Figures 4.1A
and 4.2D). ScRNA-seq analysis showed that Endoderm cells were the least common among the
seven gastruloid cell types (Figure 4.2C ; <1% at 12h and 24h, 5% at 44h). In CS7 embryo,
further sub-clustering of endoderm resulted in two PS-derived DE, yolk sac endoderm, and PE or
hypoblast clusters (Tyser et al., 2020). In our analysis, we were able to discern DE and PE in
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CS7 endoderm, based on the lack of TTR and AFP expression in DE (Figures S4.6A and S4.6B).
In contrast, other endoderm markers SOX17, GATA6, and FOXA2 were expressed in both CS7
endoderm, although more DE cells express SOX17 (75% DE vs. 35% PE cells). Similarly, mouse
DE can be distinguished from ExE endoderm by low TTR and AFP expression, which otherwise
expressed SOX17, GATA6, and FOXA2 (Figure S4.6C). Comparison of CS7 endoderm with E7–
E7.5 mouse endoderm also showed the strongest gene expression correlation between respective
definitive and ExE endoderm of human and mouse (Figure S4.6D), suggesting similar
transcriptional signature between human and mouse endoderm derivatives. Interestingly, both
CS7 PE and DE also showed relatively strong correlation with mouse visceral endoderm,
reflecting its ExE and embryonic transcriptional signature (Nowotschin et al., 2019).
Marker expression indicated that gastruloid Endoderm lack the expression of PE markers TTR
and AFP, but expressed SOX17, GATA6, and FOXA2 (Figure 4.6A), supporting a DE-like
identity. Anterior PS markers OTX2, CER1, HHEX, and GSC, expressed exclusively in CS7 DE
cells (Tyser et al., 2020), were also found in gastruloid Endoderm. Corroborating these findings,
we found the highest gene expression correlation of gastruloid Endoderm to DE of both mouse
and human (Figure S4.6E). Plotting CS7 PS, nascent/emergent mesoderm, and endoderm along
diffusion coordinates showed a split in trajectory from PS to mesoderm or endoderm (Figure
4.6B). Similar trajectory, pseudotime arrangement, and marker expression was also observed for
gastruloid EPI-like, Mesoderm-1, -2, and Endoderm cells (Figure 4.6B). Hence, these results
support the notion that gastruloid Endoderm models PS-derived DE. Moreover, similar to
nascent mesoderm and DE arising from the PS in mammals, gastruloid Mesoderm-2 and
Endoderm appear to arise from common precursors in Mesoderm-1, suggesting that the latter
corresponds to mesendodermal precursors.
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Analysis of signaling components (Figure 4.4B) indicates expression of BMP ligand BMP2,
receptors BMPR2 and BMPR1A, and regulators SMAD1 and SMAD5 in gastruloid Endoderm.
Although only a few cells expressed WNT3, receptors (FZD3/7 and LRP1/6/10) and regulators
(TCF3/4, SFRP1/2, and DVL2/3) were expressed across the Endoderm cluster. NODAL
expression was low despite expression of co-receptors TDGF1, regulator FOXH1, and antagonist
FST. Noteworthy is also the expression of FGF components (FGF17, FGFR1, SPRY1/2/4, and
DUSP6) and HIPPO components (YAP1, TEAD1/2/4). Transcripts of BMP2, BMPR1A,
SMAD1/2/5, TDGF1, FST, FZD3/7, LRP1/6, TCF3/4, SFRP1, FGFR1, SPRY1/2, DUSP6, YAP1,
and TEAD2/4 were also found in CS7 endoderm (Tyser et al., 2020).

4.3.7 Characterization of gastruloid ExE-like cells
During 2D micropatterned differentiation, ExE-like appeared already at 12h as indicated by
GATA3 and TFAP2A expression in IF and scRNA-seq analyses (Figures 4.1A and 4.2D). We
combined TE and amnion from in vitro cultured monkey (Ma et al., 2019) and pre-gastrulation
human embryos (Xiang et al., 2019) to determine cell type specific markers for both cell types.
CCA and UMAP projection showed a distinct cluster of amnion consisting of all monkey amnion
cells (E-AM, L-AM1, and L-AM2) and a few human amnion cells (3/13). The rest of human
amnion cells, along with trophoblasts, clustered across monkey TE derivatives (Figure 4.7A).
We found that amnion expresses CDX2, NANOG, POU5F1, BMP4, ISL1, and CXCL12 but TE
expresses KRT7 and GATA3 (Figure 4.7C). However, both TE and amnion markers were
expressed across all gastruloid ExE-like cells (Figures 4.7B and 4.7D). We further identified
DEGs of the combined amnion and TE cluster in an unbiased manner, and found 41 TE markers
and 54 amnion markers that were also upregulated in the gastruloid ExE-like cluster (Figure
S4.7A). Some markers were expressed at 12h, and increased towards 44h, suggesting
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progression of ExE-like formation along the time course. Consistent with this, we found a high
prediction score for monkey EPI (postE-EPI) in 12h ExE-like, that decreased towards 44h
(Figure S4.7B). In contrast, the prediction score for monkey L-AM2 and TE progressively
increased from 12h to 44h. These results suggest that gastruloids form an ExE cell type with both
amnion and TE signatures, and that both signatures increase over time.

Figure 4.7. Transcriptional characterization of gastruloid ExE-like cells. (A and B) UMAP projection of
in vitro cultured D6–14 human and 11–17 dpf monkey TE and amnion cells (A) and gastruloid ExE-like
cells (B). (C and D) Expression of indicated markers in human and monkey TE and amnion (C) and
gastruloid ExE-like cells (D).

Suggesting BMP and WNT activity, monkey amnion expresses BMP4, and WNT6 (Yang et al.,
2020). In the gastruloid ExE-like population, BMP activity was evidenced by pSMAD1 staining
in IF studies (Figure S4.1B) and scRNA-seq indicated expression of BMP ligands (BMP4 and
BMP7) and receptors (BMPR2 and BMPR1A) starting at 24h (Figure 4.4B). Interestingly, FST
and BAMBI, encoding BMP antagonists, were also expressed in the ExE-like. Both expressions
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increase over time, suggesting inhibition of BMP activity as ExE-like cells formed in gastruloids.
Moreover, we observed decreasing expression of FGF2, FGFR1, and SPRY1 but increasing
expression of SPRY4 and DUSP6 over time (Figure 4.4B). We also observed expression of WNT
signaling components, notably WNT6 and MSX2, as in monkey amnion (Yang et al., 2020),
WNT5B, FZD3, LRP1/6/10 and HIPPO components (YAP1, WWRT1, TEAD1), which increased
over time (Figure 4.4B).

4.3.8 Gastruloid hPGCLCs have transcriptional signature of gastrulation and
amnion
Time course analyses suggest hPGCLCs arise in gastruloids after 24h BMP4 treatment, as
evidenced by co-expression of SOX17 and TFAP2C only at 44h (Figure S4.1C). At 44h,
scRNA-seq also detected a distinct cluster of cells expressing PGC markers SOX17, TFAP2C,
and NANOS3 (Figure 4.1C), and exhibiting transcriptional signature similar to CS7 and monkey
PGCs (Figures 4.3D and S4.3H). Over the time course, we found increasing expression of
amnion markers TFAP2A and CDX2, and gastrulating markers T and MIXL1 but decreasing
expression of TE markers GATA3 and KRT7 in gastruloid hPGCLC (Figure S4.7E). Therefore,
gastruloid hPGCLC have gastrulating and amnion transcriptional signatures, as reported for
hPGCLC derived from hESC in 3D aggregates (Chen et al., 2019). Likewise, we found
expression of gastrulating marker T and ExE markers TFAP2A, GATA3, and CDX2 in monkey
PGCs (Figure S4.7C). However, in CS7 PGCs, only the gastrulating but no amnion signature
was observed (Figure S4.7D). In monkey, PGCs arise in amnion, with high BMP and WNT
signaling activities, suggesting their underlying role in PGC specification. In 2D micropatterned
gastruloids, BMP4 was highly expressed in ExE-like population, whereas its receptors BMPR1A
and BMPR2 as well as target genes SMAD1 and SMAD5 were expressed in hPGCLC, suggesting
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a potential role of BMP4 signaling from ExE-like population to hPGCLCs (Figure S4.4C).
Furthermore, complementary expression of WNT ligands (WNT6 and WNT5B) in the ExE-like
and receptors (FZD3 and LRP1/6) in hPGCLC points to WNT signaling having a role in
gastruloid hPGCLC specification (Figure S4.4D). We also noted expression of WNT ligands
(WNT2 and WNT5B) in hPGCLCs.

4.4 Discussion
In vitro cultured hESCs have recently been used to model aspects of human gastrulation
including formation of germ layers, organizer, and ExE cells, as well as morphogenetic processes
such as EMT, mesendodermal cell motility, and embryonic tissue elongation (Martyn et al.,
2019a, 2018; Moris et al., 2020b; Simunovic et al., 2019; Warmflash et al., 2014). Using
scRNA-seq, we previously demonstrated that BMP4 treatment of 2D micropatterned hESC
cultures induces formation of seven cell types, EPI-like, prospective ectoderm, two types of
mesoderm, endoderm, ExE-like, and hPGCLC (See Chapter 3) (Minn et al., 2020). Here, we
characterized gene expression changes over the course of 12h, 24h, and 44h BMP4 treatment.
Our analyses indicate a successive emergence of EPI-like, ExE-like, and prospective ectoderm at
12h from BMP4 application, followed by mesendoderm precursors at 24h, and lastly, nascent
mesoderm, endoderm, and hPGCLC at 44h. These analyses also reveal differentiation
trajectories of these cell types and allow us to infer underlying signaling events.

4.4.1 Cellular complexity of BMP4-induced 2D micropatterned gastruloid
While in vitro stem cell culture systems represent a powerful approach to elucidate the inductive
and morphogenetic aspects of gastrulation, they do not fully recapitulate the in vivo process
(Morgani and Hadjantonakis, 2020; Shahbazi et al., 2019), highlighting the importance of
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validating in vitro systems with in vivo gastrulation. In that regard, 2D micropatterned cultures of
mouse EPI-like cells have been validated by comparison with the well-studied mouse embryo
and shown to generate cell types relevant to mouse gastrulation (Morgani et al., 2018). The
recently available scRNA-seq dataset of CS7 human gastrula (Tyser et al., 2020) presents an
opportunity to query the 2D hESC gastruloid model. Cross comparison with CS7 human, mouse,
and monkey gastrulae showed that the global transcriptome of 2D hESC gastruloid at 44h BMP4
treatment resembles that of CS7, E6.0–6.5 mouse, and 14–16 dpf monkey (See Chapter 3) (Minn
et al., 2020), suggesting that it models aspects of early-mid gastrulation. Further comparison with
CS7 cell types indicated that 2D hESC gastruloids form cell types that are transcriptionally
similar to EPI, PS, Nascent/Emergent Mesoderm, DE, and PGC. However, gastruloid
prospective Ectoderm is not transcriptionally similar to CS7 ectoderm, possibly due to the latter
comprising of surface and ExE ectoderm (Tyser et al., 2020). Rather, gastruloid Ectoderm is
transcriptionally similar to mouse rostral neurectoderm, and expresses markers of nascent neural
tissues such as SOX2, GLI3, and PAX6 (Pijuan-Sala et al., 2019). Axial mesoderm was not
formed in BMP4 treated micropatterned gastruloids, although similar micropatterns cultured
with WNT and NODAL treatment induce organizer cells which contribute to axial mesoderm
upon transplantation into chick embryos (Martyn et al., 2018).
Further analysis of gastruloid Endoderm detected expression of endoderm markers SOX17,
FOXA2, and GATA6, as well as anterior PS markers OTX2 and CER1, but not PE markers AFP
and TTR. Thus, gastruloid Endoderm likely represents DE, despite also exhibiting PE signature
(See Chapter 3) (Minn et al., 2020). This is consistent with difficulties in derivation of PE from
primed hESC. Instead, naïve hESC have a predisposition to differentiate into ExE lineages and
can directly give rise to PE (Linneberg-Agerholm et al., 2019). The outermost gastruloid cells
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have ExE identity as indicated by transcriptional similarity with in vitro cultured D12 and D14
human (Xiang et al., 2019), and 11–17 dpf monkey amnion and TE (Ma et al., 2019). However,
distinct amnion or TE identities could not be discerned in gastruloids based on marker gene
expression, indicating that these cells may represent an ExE cell type that has not been
characterized or does not exist in primates. Consistent with TE lineage forming around
implantation in human, we recently reported that naïve rather than primed hESC give rise to
trophoblast stem cells in vitro (Dong et al., 2020). That amnion arises from post-implantation
EPI and amnion-like cells can be generated by treating hESC with BMP4 (Zheng et al., 2019),
can explain the amnion transcriptional signature observed in the ExE-like cluster. We detected in
gastruloid ExE-like similar characteristics reported in monkey amnion such as (1) expression of
ISL1, which controls gene regulation in amnion (Yang et al., 2020), and (2) activity of BMP and
WNT as suggested by the expression of BMP4, WNT6, and MSX2 (Molè et al., 2020).
Gastruloid hPGCLCs are transcriptionally similar to both monkey and CS7 PGC. Monkey PGCs
are early PGCs found within amnion and have transcriptional signature of amnion and
gastrulation, whereas CS7 PGCs are found within the PS with only gastrulation signature (Ma et
al., 2019; Sasaki et al., 2016; Tyser et al., 2020). Another study has reported that human PGC
can be found as early as D12 within the amnion (Chen et al., 2019). It is tempting to speculate
that in primates, early PGCs are formed in the amnion with both amnion and gastrulation
signature, but lose amnion signature as they migrate through the PS. Since gastruloid hPGCLCs
exhibit transcriptional signature of both amnion and gastrulation, they likely represent early
PGC.
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4.4.2 Sequential formation of ExE and embryonic cell types in 2D
micropatterned gastruloid
Our time course analysis of BMP4 treatment in 2D gastruloids revealed that SOX2+NANOG+
EPI-like, SOX2+NANOG- prospective Ectoderm, and GATA3+TFAP2A+ ExE-like emerged first
at 12h. The early emergence of prospective Ectoderm is in line with the earliest chromatin
accessibility of ectoderm enhancers compared to that of mesendoderm in mouse (Argelaguet et
al., 2019) and the tendency of hESC to differentiate into neurectoderm by default (Tropepe et al.,
2001). Notably, the SOX2+NANOG+ EPI-like cells clustered closer to human EPI compared to
H1 hESC, and expressed NODAL, GDF3, and TDGF1, suggesting that the EPI-like resembles
posterior EPI prior to the initiation of gastrulation. In mouse, posterior EPI gives rise to PS,
through which cells undergo EMT to form mesendoderm. In similar temporal sequence, the
formation of EPI-like and T-MESP1- Mesoderm-1 at 12h in 2D gastruloids is followed by
T+MESP1- PS-like Mesoderm-1 at 24h, and T+MESP1+ Mesoderm-2 and SOX17+FOXA2+
Endoderm at 44h. We speculate T-MESP1- Mesoderm-1 cells observed at 12h represent a
transitional state and T+MESP1- PS-like Mesoderm-1 at 24h represent mesendodermal
precursors. The emergence of more differentiated Mesoderm-2 and Endoderm around the same
time at 44h is also in line with concurrent chromatin accessibility of mesendoderm enhancers
after that of ectoderm enhancers in mouse (Argelaguet et al., 2019), and observations in
zebrafish, where endoderm and mesoderm are specified and internalize contemporaneously
(Pinheiro and Heisenberg, 2020; Warga and Nusslein-Volhard, 1999). Moreover, the transition
from gastruloid EPI-like to Mesoderm-1 to Mesoderm-2 follows similar trajectory to that from
EPI to PS to Nascent/Emergent Mesoderm in CS7 human. Similar to a split in trajectory from
CS7 PS to endoderm and mesoderm derivatives, gastruloid Endoderm also follows the trajectory
from Mesoderm-1, that is different from the trajectory of Mesoderm-2. Therefore, our analyses
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suggest that 2D gastruloids model not only the formation but also the sequential emergence and
differentiation trajectory of germ layers in vivo.

4.4.3 Signaling processes underlying cell fate specification in 2D
micropatterned gastruloid
Extensive genetic and embryologic studies in fish, frog, chick and mouse have identified BMP,
FGF, Nodal, and Wnt as key signaling pathways underlying vertebrate gastrulation. In postimplantation mouse embryos, ExE cells secrete Bmp4, inducing Wnt3 in posterior EPI. Wnt3, in
turn, activates Nodal and induces expression of T, required for the initiation of gastrulation (BenHaim et al., 2006). Bmp, Wnt, and Nodal activities are restricted to the posterior by key
inhibitors Cer1, Lefty1, and Dkk1 secreted by anterior visceral endoderm and EPI tissues. By
contrast, BMP4 is uniformly applied in 2D micropatterned gastruloids, yet similar signaling
hierarchy with BMP inducing WNT, and WNT inducing NODAL has been delineated (Chhabra
et al., 2019; Martyn et al., 2018). Our IF and scRNA-seq studies are consistent and extend the
previous reports that despite uniform BMP4 application, BMP4 signaling becomes restricted to
the gastruloid edge as early as 12h (Etoc et al., 2016). Around 24h of BMP4 treatment, the edge
cells activate WNT (WNT5B, WNT6), which in turn, activates NODAL. Both WNT and NODAL
signaling subsequently travels towards the center, with NODAL traveling further inwards than
WNT. These studies have shown that 2D hESC gastruloids recapitulate signaling interactions
observed in mouse (Martyn et al., 2018). Similarly, our scRNA-seq indicates high expression of
BMP4 and negative regulator target gene BAMBI in the edge ExE-like cells, suggestive of
signaling activity and a source of BMP ligands similar to mouse ExE and monkey amnion (Yang
et al., 2020). WNT3 is expressed in Mesoderm-1/2 and Endoderm, and NODAL in EPI-like and
Mesoderm-1, suggestive of their signaling activities in the domain between the center and the
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edge of gastruloids, as previously reported. We further defined comprehensive expression
patterns of BMP, WNT, NODAL, as well as FGF and HIPPO pathway genes over the time
course of hESC gastruloid differentiation, paving way for elucidating additional signaling
interactions underlying hESC gastruloid formation.
Previous reports on micropatterned cultures using RUES2 hESC attributed receptor localization
and direct induction by BMP4 of antagonist NOG expression as early as 4–12h (Etoc et al.,
2016) to the establishment of a radial BMP4 signaling gradient. We found very few cells
expressing NOG in our data using H1 hESC. Instead, FST, encoding for BMP and NODAL
antagonist, was high in the center cells. Interestingly, in the CS7 gastrula, few cells express NOG
but FST is expressed in EPI, PS, and nascent mesoderm (Tyser et al., 2020). In mouse, NOG
expression is primarily found in the node and notochord beginning around E7.5 (McMahon et
al., 1998; Pijuan-Sala et al., 2019), whereas FST is expressed in ectoderm and PS around E7.0
(Pijuan-Sala et al., 2019). Future work utilizing FST-/- hESC lines can elucidate its role in 2D
gastruloid formation.
In monkey, ISL1+ amnion expresses BMP4, and loss of amnion, caused by ISL1 mutation, results
in impaired BMP4 signaling and PS formation (Yang et al., 2020). Similar formation in
gastruloids of ISL1+ ExE-like cells and strong expression BMP4 in these cells concurrent with
receptor BMPR2 and BMPR1A expression in gastruloid mesendoderm cells is in line with
observations in monkey. In both CS7 and hESC gastruloids, we detected expression of BMP2
and BMP4 but not BMP8B, disruption of which causes embryonic lethality during gastrulation in
mouse (Morgani and Hadjantonakis, 2020). Strong CER1 expression is observed in CS7 nascent
mesoderm and gastruloid Mesoderm-2, but not in mouse mesoderm derivatives. However, high
BMP activity is observed in cells that undergo EMT and ingress through PS (Morgani et al.,
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2018). Taken together with the fact that CER1 can inhibit both BMP and NODAL signaling
(Piccolo et al., 1999), CER1 expression in gastruloid Mesoderm-2 likely reflects inhibition of
NODAL, in line with low NODAL activity promoting posterior fates but high activity promoting
anterior fates in PS. We noted, however, much higher expression of NODAL in 44h gastruloids,
compared to CS7. Therefore, further studies are needed to understand whether NODAL
regulation is faithfully recapitulated in micropatterned gastruloids as described in human and
mouse gastrula.
The induction of Wnt3 by Bmp4 in posterior EPI is necessary for T induction and gastrulation in
mouse. In addition, Wnt3a, which has an overlapping expression with Wnt3, is necessary for T
expression in mouse (Yamaguchi et al., 1999). Although WNT3 and its target genes T were
expressed in overlapping pattern, little expression of WNT3A was found in gastruloids. This
suggests that in hESC gastruloids, WNT3 can substitute for WNT3A in inducing T expression.
Consistent with WNT activity in gastruloid Mesoderm cells, the expression of RSPO3, encoding
amplifier for WNT/ß-catenin signaling, is distinct in gastruloid Mesoderm-2. RSPO3 is also
expressed in CS7 nascent mesoderm and mouse mesoderm. DKK1, encoding WNT antagonist, is
also expressed in CS7 nascent mesoderm and gastruloid Mesoderm-2, suggesting potential
induction by WNT (Morgani and Hadjantonakis, 2020). Although Dkk1 expression from anterior
visceral endoderm is important for restricting Wnt3 in mouse posterior EPI, its expression is not
observed in mouse mesoderm. WNT5A, which regulates anterior-posterior axis elongation in
mammals (Andre et al., 2015) and can activate canonical pathway in the presence of appropriate
Fzd receptors (Mikels and Nusse, 2006), is also strongly expressed in CS7 nascent/emergent
mesoderm and gastruloid Mesoderm-2. As both Wnt5a and Dkk1 are known to regulate
morphogenetic cell behaviors during gastrulation, their roles in human gastrulation remain to be
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investigated (Johansson et al., 2019). Overall, our results support conservation of WNT3 in
inducing T in human and mouse, but also a potential role of DKK1 and WNT5A in human nascent
mesoderm specification and/or morphogenesis.
FGF signaling, particularly Fgf8–Fgfr1 interaction, is necessary for cell migration through the PS
in mouse. Moreover, disruption of Wnt target genes in Fgfr1-/- mouse suggests that Wnt may be
downstream of Fgf in mouse (Morgani and Hadjantonakis, 2020). Interestingly, we found the
highest expression of FGFR1, FGF2, and feedback antagonist SPRY1 at 12h preceding
expression of WNT ligands in gastruloids. While FGFR1 was expressed in all gastrulating cell
types in both hESC gastruloid and CS7 human, very few cells expressed FGF8, suggesting that a
different FGF ligand is responsible for cell migration away from PS in human. CS7 data suggests
FGF3/17 may play a role based on their expression in Nascent Mesoderm. In gastruloids, FGF3
expression is not detected, but FGF17 is primarily expressed in Mesoderm-2. Both CS7 nascent
mesoderm and gastruloid Mesoderm-2 also co-express SNAI1/2, which is mediated by FGF
signaling and promotes EMT by repressing CDH1, suggesting that EMT or nascent mesoderm
formation may be mediated by FGF17 in human.

4.4.4 Perspective
Our work extends previous studies on 2D micropatterned gastruloid differentiation by
elucidating aspects of in vivo gastrulation that gastruloids model, the temporal emergence of cell
types, and gene expression changes over the course of 44h BMP4 treatment. Although the CS7
human dataset serves as an invaluable resource for querying conservation of cell types and gene
expression in hESC gastruloids, the dataset is based on one embryo (Tyser et al., 2020),
highlighting the importance of continued comparison with well-studied mouse and emerging
monkey studies. Using studies from all three mammals as reference, we present data to support
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that gastruloids recapitulate temporal emergence and differentiation trajectories of germ layers as
in vivo gastrulation. Our data also supports conservation of key pathway genes such as BMP4,
WNT3, and NODAL, as well as reveal potential features specific to human such as DKK1, CER1,
and FGF17 in nascent mesoderm specification. Our datasets provide a resource for designing
functional experiments in 2D and 3D gastruloid systems to query functions of specific genes to
elucidate the genetic hierarchies underlying gastruloid germ layer formation and morphogenesis
and hence, provide insights into in vivo human gastrulation.

4.5 Experimental Procedures
4.5.1 Microcontact printing
Polydimethylsiloxane (PDMS) stamps with 6x6 microcylinders of 500 µm diameter each were
fabricated using standard photolithography methods as previously described (See Chapter 3)
(Minn et al., 2020). After sterilizing with ethanol and dried in laminar flow hood, PDMS stamps
were incubated with growth factor reduced Matrigel (Corning, Corning, NY) diluted in
DMEM/F-12 (Gibco, Waltham, MA) at 1:20 on the feature side at -4oC for 48h. Matrigel
solution was then aspirated and stamps were air-dried in room temperature. Matrigel-coated
stamp surface was brought into contact with glass or plastic substrate. Stainless steel weight of
50 g was placed on top of each stamp to ensure conformal contact for 5 min. Afterwards, the
weights and stamps were removed, and the substrates were washed with DPBS-/- for 3 times.
Micropatterned substrates were stored in DPBS-/- solution at 4°C for up to 2 weeks.

4.5.2 BMP4 differentiation in 2D micropatterns
H1 hESC (WiCell, Madison, WI), routinely cultured in Matrigel-coated plates with mTeSR
media (Stemcell Technologies, Vancouver, Canada), were differentiated with BMP4 in the
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micropatterned substrates as previously described (See Chapter 3) (Minn et al., 2020). Briefly,
H1 cells were dissociated with Accutase (Sigma Aldrich, St. Louis, MO) incubation at 37°C and
5% CO2 for 8 min. Equal volume of RPMI medium 1640 (Life Technologies, Carlsbad, CA) was
added, and the cell solution was centrifuged at 300 rcf (relative centrifugal force) for 5min. After
the supernatant was removed, cells were diluted with fresh mTeSR, and seeded onto
micropatterns at 132,000–263,000 cells/cm2 in mTeSR with 10 μM Rho-associated kinase
inhibitor (ROCKi Y-27632, Millipore Sigma, Burlington, MA). After 2h, the medium was
replaced with fresh mTeSR, and cultured for additional 3h. Afterwards (6h after initial cell
seeding), the medium was replaced with mTeSR containing 50 ng/mL BMP4 (R&D Systems,
Minneapolis, MN) for 12h, 24h, and 44h.

4.5.3 Immunofluorescence staining and microscopy
After 12h, 24h, and 44h, micropatterned cells were washed with PBS, fixed in 4%
paraformaldehyde for 30 min, and rinsed twice with PBS at room temperature. Fixed cells were
incubated in the blocking solution (0.1% Triton-X and 3% Normal Donkey Serum) for 30 min at
room temperature. Primary antibodies diluted in the blocking solution were incubated at 4°C
overnight. Cells were then washed with the washing solution (0.1% Tween-20 in PBS) for 3
times, 15 min each at room temperature. Afterwards, secondary antibodies and DAPI at 4 μg/mL
(Invitrogen, Carlsbad, CA) in the blocking solution was added for 1h at room temperature, after
which the cells were washed with the washing solution for 3 times, 15 min each at room
temperature.
Images were acquired on Olympus IX81 Inverted Spinning Disk Confocal Microscope with 10X
or 20X lenses. Z-stack images of ~150 µm thick were acquired for samples treated with BMP4
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for 44h, but single 2D images were acquired for 12h and 24h samples. Z-stack images of 44h
samples were projected into single 2D images before analysis.
IF images were processed and analyzed in Fiji (Schindelin et al., 2012). For fluorescence
intensity quantification, each image was converted into binary masks. Concentric Circles plugin
was used to overlay 20 equally spaced concentric circles on each masked image, and average
fluorescence intensity was measured along each concentric circle. The fluorescence intensity of
each marker at each concentric circle was normalized against that of DAPI from corresponding
concentric circles of corresponding images. Lastly, normalized fluorescence intensity was
averaged across multiple colonies per marker and presented.

4.5.4 scRNA-seq and data analysis
Single cells collection and scRNA-seq was performed as described previously (See Chapter 3)
(Minn et al., 2020). Briefly, micropatterned cells after 12h, 24h, and 44h BMP4 treatment were
washed with PBS, and dissociated into single cells with Accutase incubation at 37°C and 5%
CO2 for 10 min. Equal volume of RPMI medium was added, and the solution was centrifuged
300 rcf for 5 min. After the supernatant was removed, cells were diluted at 20,000 cells per 200
µL of cold DPBS-/-. Afterwards, 800 µL of cold methanol was added dropwise to the cell
solution, and incubated on ice for 15 min. The final solution was kept at -80°C until use.
10x Chromium Single Cell 3’ Library & Gel Bead Kit v2, Chromium Single Cell 3’ Chip Kit v2,
and Chromium i7 Multiplex Kit (10X Genomics, Pleasanton, CA) were used according to the
manufacturer’s instructions to prepare single-cell library. Agilent TapeStation (Agilent Scientific
Instruments, Santa Clara, CA) was used to quantify cDNA libraries. Sequencing was performed
on Illumina HiSeq 2500 (Illumina, San Diego, CA).
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The Cell Ranger v.2.1.0 pipeline was used to align reads to the hg19.transgenes genome build
and generate a digital gene expression matrix. Seurat package (v.3.2.0) was used for processing
and visualization (Butler et al., 2018; Stuart et al., 2019). Default settings were used unless noted
otherwise. For each dataset, cells with number of genes between 200 and 10,000, and
mitochondrial gene expression less than 5% were kept for further analysis. Consequently, we
selected 779 cells from 12h (out of 784 cells), 974 cells from 24h replicate 1 (out of 975 cells),
1,606 cells from 24h replicate 2 (out of 1,608 cells), 1,970 cells from 44h replicate 1 (out of
1,989 cells), and 813 cells from 44h replicate 2 (out of 823 cells). For each dataset, we
normalized and scaled the filtered expression matrix to remove unwanted sources of variation
driven by mitochondrial gene expression, the number of detected UMIs, and the cell cycle. For
24h and 44h datasets, we combined replicates at each time point using canonical correlation
analysis selecting for 30 dimensions and 3,000 anchor features (highly variable genes). Next, we
combined all 12h, 24h, and 44h datasets using the same parameters. Nonlinear dimensionality
reduction by UMAP was performed on the first 30 principal components using the
implementation by Seurat. With previously annotated 44h cells serving as reference (See Chapter
3) (Minn et al., 2020), we annotated cells at 12h and 24h using FindTransferAnchors and
TransferData functions in Seurat. This anchor-based approach calculated prediction score in each
12h and 24h cells for referenced 44h cell types. Each 12h or 24h cell with the highest prediction
score for a particular 44h cell type was annotated as that cell type. DEGs across cell types or
time course were identified using FindMarkers or FindAllMarkers functions, with threshold
settings of 0.25 log fold-change and 25% detection rate. Gene Ontology analysis of DEGs was
performed using DAVID (Huang et al., 2009a, 2009b).
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For comparison with published dataset, CCA was used as described above for combining
gastruloid datasets. Average gene expression correlation was calculated using Spearman
correlation on the basis of highly variable genes from reference datasets. Prediction score was
calculated using the anchor-based approach described above, after the reference and query
datasets were combined with CCA. Module score was calculated using AddModuleScore
function in Seurat, which calculates the difference in average gene expression between a set of
marker genes of interest and that of randomly selected genes (Tirosh et al., 2016).
Diffusion maps for single cells were calculated based on the normalized and scaled gene
expression data matrix using the R Bioconductor destiny package (Angerer et al., 2016), with a
number of k-nearest neighbors, knn = 40, and a Gaussian kernel width, sigma = 8, slightly lower
than the optimal value of sigma estimated by destiny. A probabilistic breadth-first search of the
k-nearest neighbor graph was performed and the results of this search were converted into a
pseudotime.
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4.6 Supplemental Figures

Figure S4.1. Supplemental information related to Figure 4.1. (A) Selected parameters of scRNA-seq
analysis. (B) IF images (left) and quantification of fluorescence intensity (right) for BMP4 downstream
effector pSMAD1. Data are represented as mean ± SEM. (C) IF images of SOX17, TFAP2C, and
GATA3. Arrow heads indicate selected hPGCLC co-expressing SOX17 and TFAP2C. (D) GO analysis of
DEGs along the time course of BMP4 treatment (shown selected GO terms).
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Figure S4.2. Supplemental information related to Figure 4.2. (A and B) Prediction score for cells treated
with BMP4 for 12h (A), and 24h (B), using 44h gastruloid cells as reference. (C and D) Dot plots
displaying expression of canonical markers of indicated cell types in gastruloid clusters from all time
points (C), and between replicates at each time point (D). (E) UMAP display of overlap between two
replicates at 24h (left) and 44h (right).
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Figure S4.3. Supplemental information related to Figure 4.3. (A and B) Prediction score of mouse (A)
and monkey (B) gastrula stages in CS7 human gastrula. (C) UMAP projection showing 11 major cell
types reported in CS7 human (Tyser et al., 2020). (D) Prediction score of mouse ectodermal derivatives in
CS7 human ectoderm (left) and gastruloid ectoderm (right). (E and F) Prediction score of E6.5–7.5 mouse
(E) and 11–17 dpf monkey gastrulating cell types in CS7 human gastrula. (G) Expression of early neural
markers PAX6 and GLI3 in gastruloid Ectoderm cluster. (H) Prediction score of 11–17 dpf monkey (left)
and E6.5–7.5 mouse (right) gastrulating cell types in hESC gastruloids.
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Figure S4.4. Supplemental information related to Figure 4.4. (A) Expression of genes encoding indicated
signaling molecules in 44h gastruloid. (B) UMAP display of annotated gastruloid cell types. (C–G)
Expression of indicated components of BMP (C), WNT (D), NODAL (E), FGF (F), and HIPPO (G)
signaling pathway in seven cell types across all time points.
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Figure S4.5. Supplemental information related to Figure 4.5. (A) Violin plots showing average gene
expression correlation of gastruloid EPI-like cells to human EPI at indicated stages, and H1 naïve and
primed hESCs. (B) Fraction of gastruloid Mesoderm-1 and -2 cells at indicated time points. (C)
Expression of indicated PS and mesoderm markers in CS7 PS and mesoderm derivatives. (D) UMAP
projection of CS7 human PS and mesoderm derivatives, and gastruloid Mesoderm-1 and -2 cells. (E–G)
Violin plots showing expression of indicated mesoderm markers in transition from EPI to nascent
mesoderm in CS7 human gastrula (E), gastruloids (F), and E6.5–7.5 mouse gastrula (G). (H) Bar plots
indicating number of DEGs (top) and shared DEGs (bottom) in Nascent Mesoderm (gastruloid
Mesoderm-2 equivalent) compared to EPI (gastruloid EPI-like equivalent) in human, mouse, and hESC
gastruloids. (I) Heatmap depicting DEGs of Nascent Mesoderm shared in human, mouse, and hESC
gastruloids.
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Figure S4.6. Supplemental
information related to Figure 4.6. (A)
UMPA projection of CS7 human
Endoderm identifying PE and DE. (B
and C) Violin plots showing
expression of indicated endoderm
markers in human (B) and mouse
(C). (D) Average gene expression
correlation of indicated human and
mouse endoderm derivatives. (E)
Average gene expression correlation
of gastruloid endoderm to indicated
human and mouse endoderm
derivatives.

Figure S4.7. Supplemental information related to Figure 4.7. (A) Heatmap showing expression of human
and monkey TE markers in gastruloid ExE-like cells along the time course. (B) Prediction score of
monkey EPI, TE, and amnion in gastruloid ExE-like cells over the time course. (C–E) Violin plot
showing expression of indicated markers in monkey (C) and CS7 human (D) PGCs, and gastruloid
hPGCLC (E).
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Chapter 5: Opportunities, Challenges, and
Outlook for In Vitro 2D Micropatterned
Human Embryonic Stem Cell Gastruloid
Model
Gastrulation is a crucial stage in mammalian embryogenesis, during which three primary germ
layers form and are shaped into an evolutionarily conserved pharyngula body plan with all
embryonic tissues and organ rudiments. Consequently, incorrect specification of cell fates or
morphogenesis is detrimental to normal embryonic development. Therefore, understanding of
molecular and genetic mechanisms underlying human gastrulation is crucial for understanding
pathologies that arise during human embryogenesis and high rate of miscarriages in the first
trimester of human pregnancy. Our knowledge of human gastrulation has primarily been derived
from studies in model organisms such as mouse, chick, frog, zebrafish, and fruit fly. Although
several aspects of mammalian embryogenesis are conserved, emerging studies in nonhuman
primate monkey and human embryos also indicate important differences (Deglincerti et al.,
2016a; Ma et al., 2019; Nakamura et al., 2016; Niu et al., 2019; Shahbazi et al., 2016),
underscoring continued investigation of gastrulation events in monkey and human embryos.
However, due to the current international ethical restriction of human embryo studies to 14 dpf
and thus the gastrulation onset, and experimental challenges in monkey embryos, in vitro stem
cell models have emerged as powerful experimental platforms to study pre- and postimplantation human development. Unlike in vitro or in vivo embryo models, stem cell models
also offer the advantages of relatively fast genetic manipulation, live imaging, and control of
experimental factors (Morgani and Hadjantonakis, 2020). However, it is important to note that in
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vitro models may not recapitulate all aspects of gastrulation and therefore, cross-validation with
in vivo studies is crucial to validate different in vitro platforms and findings. Using combinatorial
scRNA-seq and IF analyses, we have provided further experimental validation for the 2D
micropatterned differentiation of hESC as a viable model for studying specification of germ
layers, hPGCLC, and ExE cells during early-mid gastrulation stages.
The capability of 2D micropatterned gastruloids to reproducibly form germ layers, hPGCLC, and
ExE in defined and reproducible spatial arrangement presents an opportunity to combine
transcriptomic and IF studies to infer spatial information in gene expression changes underlying
cell type specification. Future genomic studies such as ATAC-seq (Assay for TransposaseAccessible Chromatin using sequencing) will allow investigation of chromatin accessibility of
germ layers and hPGCLCs in 2D gastruloids, contributing to better understanding of chromatin
landscape and genomic regulation during in vivo human gastrulation. Our work also illustrates
that such validations can identify limitations of an in vitro system. Our scRNA-seq analyses
demonstrate the ExE cell population, previously identified as TE (Warmflash et al., 2014) or
ExE mesoderm (Martyn et al., 2019b), express markers of both TE and amnion. We have not
been able to resolve this cell population into individual cell types, raising the question whether
BMP4-induced 2D micropatterned gastruloid ExE represents a transient cell type still to be
identified in vivo, or an experimental artefact.
Our scRNA-seq datasets over the course of gastruloid formation will provide a resource for
mining genes encoding transcription factors and signaling pathway components, and query
similarities and differences in molecular and genetic mechanisms underlying gastrulation in
human and other animal models. From these studies, candidate genes can be tested in the system
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using genetic mutations such as CRISPR gene editing technologies. Since the 2D gastruloid
model is easily amenable to live imaging, fluorescent reporters may be used to visualize
signaling activities over time. Individual signaling pathway may also be manipulated with
temporal accuracy using inhibitors or genetically-engineered cell lines. Overall, these studies
will elucidate key pathways such as BMP, WNT, and NODAL, as well as relatively less studied
FGF and HIPPO, underlying lineage specification. For example, we have discovered that the
nascent mesoderm (Mesoderm-2) in 2D gastruloids expresses FGF17, rather than the FGF8
gene, homolog of which is essential for mesoderm migration during murine gastrulation. Of note
CS7 human gastrula also shared the same profile of high FGF17 but low FGF8 in nascent
mesoderm (Tyser et al., 2020). It will be of interest to query FGF17 function by generating
hESC lines mutant in this gene and by applying inhibitors of FGF signaling during the course of
2D gastruloid differentiation. Furthermore, due to high reproducibility of the system, these
biological studies can be quantified and applied into building computational models (Etoc et al.,
2016).
The emergence of hPGCLC and ExE, along with germ layers, in 2D gastruloids is also
intriguing. Studies in primate monkey have suggested PGCs arise from amnion (Sasaki et al.,
2016). A recent study using human embryos cultured in vitro at post-implantation stages until the
gastrulation onset also reportedly detected a rare population of SOX17+TFAPC2C+ putative
PGCs in the amnion (Chen et al., 2019). However, in porcine embryos with post-implantation
bilaminar disc morphology similar to human and monkey, PGCs have been reported to arise in
posterior EPI (Kobayashi et al., 2017). Therefore, the origin of PGCs remains unclear. Since
some SOX17+TFAP2C+ gastruloid hPGCLCs co-expressed amnion marker TFAP2A at protein
and RNA levels, it will be of interest to test whether hPGCLCs arise from the amnion-like ExE
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cells in the gastruloid system by using live imaging of fluorescence reporters or lineage tracing
experiments. We anticipate that these studies in the 2D gastruloid system will contribute to better
understanding of the origin and regulation of PGC formation in human.
Although 2D micropatterned gastruloid model produces germ layers, hPGCLC, and ExE cell
types, other cell types such as PE and axial mesoderm do not form. We hypothesize that stem
cells with naïve pluripotency cultured in 2D micropatterned systems may give rise to cell types
lacking in our studies that utilized conventional primed hESC. Indeed, current studies indicate
that naïve hESC can directly give rise to PE (Linneberg-Agerholm et al., 2019) and trophoblast
stem cells (Dong et al., 2020) in vitro. Future studies will investigate 2D micropatterned
differentiation of naïve hESCs or co-culture of primed or naïve hESCs with PE or trophoblast
stem cells.
Lastly, germ layers emerge in a radial symmetry in BMP4-induced 2D gastruloids, therefore not
recapitulating symmetry breaking and tissue elongation during in vivo gastrulation. However, it
has been demonstrated that hESCs in 2D micropattern can be induced by a treatment with WNT
and ACTIVIN/NODAL signaling to form cells with the Spemann-Mangold organizer-like gene
expression and signaling activity (Martyn et al., 2018). Therefore, it is conceivable that prepatterning with ligands and inhibitors onto the micropatterned culture surface may induce
symmetry breaking events in 2D gastruloids. However, these hypotheses remain untested.
Moreover, the micropatterned gastruloid system is 2D in contrast to 3D in vivo gastrula. Our
preliminary studies indicate that overlaying ECM on top of 44h differentiated 2D gastruloids for
extended culture duration results in 3D gastruloid formation (Figure 5.1). These 3D gastruloids
also manifest additional morphogenesis, such as cavity formation, elongation, and bilateral
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symmetry formation. Future studies, characterizing these ECM-overlaid 3D gastruloids and their
relevance to in vivo gastrulation, are warranted.

Figure 5.1. Extended 2D micropatterned gastruloid ECM overlay culture results in bilateral symmetry and
elongation of cavity-forming 3D gastruloids. (A) Protocol for extended ECM overlay culture. Diagram
insert (bottom) indicates ECM overlay after 44h of BMP4 differentiation. White dashed lines indicate
cavities. Double-headed arrows indicate elongation. (B) IF images of markers for ectoderm SOX2,
mesoderm T, endoderm SOX17, and ExE CDX2 at 44h and 144h of extended culture. Note bilateral
markers expression at 144h compared to radial expression at 44h. (D) IF images of indicated marker at
144h. White dashed lines indicate cavities. Solid colored lines indicate section of XZ and YZ view.
Dotted colored lines indicate an insert of magnified view.
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